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Abstract

Conventional methods for programming a robot either are inflexible or demand significant
expertise. While the notion of automatic programming by high-level goal specification
addresses these issues, the overwhelming complexity of planning manipulator grasps and
paths remains a formidable obstacle to practical implementation. This thesis describes the
approach of programming a robot by human demonstration. Our system observes a human
performing the task, recognizes the human grasp, and maps it onto the manipulator. Using
human actions to guide robot execution greatly reduces the planning complexity.

In analyzing the task sequence, the system first divides the observed sensory data into mean-
ingful temporal segments, namely thepregrasp, grasp, andmanipulation phases. This is
achieved by analyzing the human hand motion profiles. The features used are the fingertip
polygon area (the fingertip polygon being the polygon whose vertices are the fingertips),
hand speed, and thevolume sweep rate, which is the product of the first two. Segmentation
is achieved by taking into consideration the hand motion profiles during the pregrasp (or
reaching) phase having a characteristic bell shape.

Subsequent to task segmentation, a grasp taxonomy is used to recognize the human hand
grasp. The grasp taxonomy is based on thecontact web, which is a 3-D graphical structure
of contact points between the hand and the grasped object. By considering the higher level
concept of thevirtual finger, which is the collection of physical fingers acting in a similar
manner, we can recognize the type of human grasp used in the task.

The recognized grasp is used to guide the grasp planning of the manipulator. Grasp planning
is done at two levels: the functional and physical levels. Initially, at the functional level,
grasp mapping is achieved at the virtual finger level. Subsequently, at the physical level, the
geometric properties of the object and manipulator are considered in fine-tuning the manip-
ulator grasp. The trajectory of the manipulator approximately follows that of the human
hand during the execution of the task. Once all these are accomplished, control signals are
then produced for the robot system to replicate the task.

In summary, this thesis describes a novel way of programming robots – by direct human
demonstration of the task. This thesis shows that by segmenting the stream of observed data
and producing abstract representations of the task, we can enable the robot to replicate
human grasping tasks.
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Chapter 1

Introduction

Automation is playing an increasingly important role in industry. It keeps companies com-
petitive by increasing product quality and output. To meet the possible demands of rapidly
changing consumer needs, robots used in automating tasks must be designed for flexibility
and fast reprogrammability. The ease of programming a robot and the amount of time
required to do so are thus significant issues in robot system design for integration into the
manufacturing process.

Robot programming is the act of specifying actions or goals for the robot to perform or
achieve in order to carry out a useful task; as such, it is an essential and necessary compo-
nent of task automation. It can be subdivided into several different categories primarily
according to the type of data input (namely low-level sensor signals, mid-level robot
instructions, or high-level goal specification). A good description of such a set of categories
is given by Lozano-Pérez [90]. We give a brief description of our categorization of robot
programming methods here.

1.1  Robot Programming Approaches

The robot programming methods areteleoperation, teaching, robot-level textual program-
ming, and automatic programming. The teaching and robot-level textual programming
methods are by far the most pervasive in both the industrial and academic environments.
Note that these robot programming categories are not mutually exclusive and that a given
programming approach may be a combination of these categories.

1.1.1  Teleoperation

Teleoperation, in the simplest sense, is not really a programming approach; it basically
refers to the direct control of a remote manipulator (the slave) by manipulating a master
device. As in teaching, which is described shortly, the input data are low-level sensor sig-
nals; while input data is stored for repeated execution in teaching, they are immediately
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(ignoring link delays) used to move a remote manipulator. Teleoperation can thus be viewed
as a teaching method with concurrent execution (albeit with link delays). Control signals are
normally not stored and replayed because teleoperation is usually performed in unstructured
environments, where the environment may be unknown or consequences to actions may be
unpredictable or difficult to model; these kinds of environment require continual monitoring
in order to react appropriately to possible changes. This is in contrast to teaching, where the
environment is known and structured, with consequences to actions predictable — thus
playing back stored data repetitively does not present problems.

Since teleoperation is specialized and works with low-level sensor signals, the problem of
non-portability across different robot systems exists. However, the element of risk of injury
to the operator by the robot is very much diminished compared to teaching methods (espe-
cially in the case of teaching by direct manual guidance, orlead-through teaching). In addi-
tion, since the slave manipulator is very likely to be kinematically dissimilar from the
human hand, controlling its degrees of freedom is not very intuitive and thus require some
amount of training.

Teleoperation is used in applications that requires remote handling of hazardous material or
operations in unfriendly environments. Research in teleoperation is actively pursued in
applications at nuclear sites and in space and underwater; in addition, it is also being used to
help the disabled. Relatively recent developments have resulted in different levels of sophis-
tication in teleoperation, e.g., force magnification, force reflection, some degree of auton-
omy to cater for delays in remote links, and preprogrammed motions. These developments
increasingly blur the distinction between teleoperation and other robot programming
approaches.

1.1.2  Teaching Methods

In teaching methods (e.g., [5], [35], [80]), the robot or manipulator learns its trajectory
either through a teaching pendant or actual guidance through a sequence of operations.
Here, the input data are sensor signals; they are recorded and stored subsequent to teaching.
The manipulator executes the task by playing back this stored sequence of data. Using the
teaching pendant to program a robot has been referred to aswalk-through teaching while
physically guiding the manipulator through the desired path is calledlead-through teaching
(the latter is also known as “teach-by-guiding,” or less appropriately “teach-by-showing”).
The teaching method is the easy to use since implicit knowledge of the task is not necessary.
On the other hand, because teaching methods involve some degree of repetition by the
human operator owing to errors, it can be tedious and tiring. In addition, the robot may pose
some risk of injury to the operator if he/she is teaching the robot within its workspace (espe-
cially for lead-through teaching). Other disadvantages of this method are that its stored data
are not easily modified for a different task and they are not easily transferable to a different
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system. In addition, interpretation of the data may also be difficult due to the presence of
sensor noise.

1.1.3  Robot-level Textual Programming

Robot-level textual programming (e.g., [38], [43]) refers to the approach of hand-coding
programs to enable the robot to execute motions in the robot joint and task space. While this
approach of robot programming is flexible, it requires expertise and often a long develop-
ment time. Several of the robot programming languages include AL, AML, RAIL, RPL, and
VAL. A summary of these programming languages can be obtained from Gruver,et al. [43].
There has been some work done on reducing the amount of tedium associated with hand-
coding and debugging by incorporating more user-friendly facilities to interact with the
robot system. For example, Summers and Grossman [142] combine teaching and interactive
dialogue with the system to facilitate the incorporation of sensor strategies in their XPROBE
system. XPROBE would then generate AML code for the performance of the desired task.

1.1.4  Automatic Programming

The problems associated with teaching and textual programming can be alleviated by auto-
matic programming (e.g., [55], [78], [91], [149]), also known astask-level programming
[90]. In automatic programming, conceptually, the only inputs to the robot system required
to generate the control command sequences are the description of the objects involved in the
task, and the high-level task specifications.

Realization of a practical system with complete automatic programming is difficult since
important issues remain relatively unresolved in a satisfactory manner. Such issues include:
How does one generate a sequence of operations? How can tasks be described unambigu-
ously? If a task involves grasping, how can a stable grasp be effected — should it be optimal
from the “human” point of view or a purely analytic point of view? While research by Loz-
ano-Pérez,et al., on the HANDEY simulation system (with a parallel-jaw gripper mounted
on a PUMA arm) [92] and Laugier and Pertin-Troccaz on the SHARP system [82] are posi-
tive steps in this direction, there is still work to be done on automatic planning with dextrous
hands.

1.2  What is This Thesis About?

This thesis looks at a method of programming a robot, specifically programming by human
demonstration. The key idea of this approach is to dispense with the bulk of tedious hand-
coding and allow the robot to be programmed by having it watch a human operator perform
the task. The inputs are low-level sensor signals which are interpreted to produce higher-
level descriptions of the task; this then enables the system to understand the task to the
extent of being able to accomplish it. As a result, this approach is a mix of teaching and



4

automatic programming — we collectively label this hybrid programming approach aspro-
gramming by demonstration.

This thesis is motivated by our philosophy that favors minimal programming effort while
maintaining the desired robot performance. A robot programming system should be judged
not only by its performance, but also by how easy it is to program the system. A good robot
programming system is one in which the amount of programming skill required of the oper-
ator is kept to the minimum. We want to simplify the programming process at the operator
level as much as possible, even if it means designing a more complex input interpreter1. The
simplest manner one can think of in which an operator can program a robot is to demon-
strate the task directly in front of the system and expect the system to replicate the task with
little other human intervention.

This thesis shows that a programming-by-demonstrating system which is capable of:

1. Recording a perceptual data stream during the human performance of the task,

2. Analyzing the perceptual data stream,

3. Producing task descriptions, including the description of the human grasp, and

4. Executing the task

is realizable.

1.3  Organization of Thesis

This thesis is organized primarily according to the constituent modules that compose our
programming-by-demonstration system.

In Chapter 2, we describe the programming-by-demonstration approach and reiterate our
justification in choosing this approach in robot programming. An overview of our system is
also given in this chapter.

A very important component in the programming-by-demonstration system is the observa-
tion or data acquisition module, which is described in Chapter 3. This module is responsible
for acquiring the perceptual stream of data associated with the human execution of the task
for analysis and task replication. The importance of data quality extracted by the data acqui-
sition module cannot be overemphasized, as it dictates the amount, complexity, and type of
processing required to yield the desired task description.

1. In other words, life should be made much easier for the operator or user but much harder for the
system designer.
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Once the perceptual stream of data is acquired, it is analyzed for the purpose of task replica-
tion. However, in order to produce task descriptions, it is easier to divide this perceptual
stream into meaningful time segments for individual analysis. Chapter 4 describes how this
is done and what these meaningful segments are. A very important segment of the percep-
tual data stream is the segment that corresponds to the time when the object is grasped.

Grasp synthesis is a hard problem, especially for dextrous manipulators. The approach that
we use considers human actions taken during task execution as a guide to robot planning,
including that of the grasp. As such, the process of recognizing the human grasp employed
in the task is pivotal to our robot task planning. Chapter 5 shows how a human grasp can be
identified. The grasp recognition process uses thecontact web representation of the grasp
(3-D arrangement of contact points between the hand and grasped object) and a grasp taxon-
omy based on the contact web.

Chapters 4 and 5 describe the major processes that constitute the functions of the task recog-
nition module. Chapter 6 illustrates, with several examples, how tasks are analyzed from
temporal task segmentation to grasp recognition. It also details how object motion can be
extracted and repetitive manipulative motions such as turning a screw can be detected.

Once the task descriptions have been extracted, they are used to plan the manipulator grasp
and motions. This is the job of the task translator. The task translator, by using this extracted
information as well as robot kinematic and geometric information, produces robot com-
mands to the robot system. Both the task translator and the robot system used as a testbed
for our ideas are described in Chapter 7.

Chapter 8 illustrates the entire programming-by-demonstration system with an example
task, from recording the human execution to replicating the task using the robot system. The
techniques in analyzing the perceptual data stream and planning the robot execution of the
task are detailed for this example task.

A summary of the system with concluding remarks are given in Chapter 9. Possible direc-
tions that can be taken to increase the level of sophistication of the programming-by-demon-
stration system are listed in this chapter as well.
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Chapter 2

Programming by Demonstration

In the previous chapter, we have briefly described the various approaches to programming a
robot and outlined some of the problems associated with these approaches. We could at least
mitigate such problems by using a different approach to task programming. Our philosophy
in designing a robot programming system is to simplify the programming process at the
operator level as much as possible, even if it means designing a more complex input inter-
preter. The simplest manner an operator can program a robot is to demonstrate the task in
front of the system and expect the system to replicate the task with little other human inter-
vention. This is the method that we adopt in task programming; it is also known as the
Assembly Plan from Observation (APO) approach which has been proposed by Ikeuchi and
Suehiro [58][141]. In APO, task programming is performed by demonstrating the task to the
system rather than by the more traditional method of hand-coding. The key idea is to enable
a system to observe a human perform a task, understand it, and then execute the task with
minimal human intervention. The realization of such a system requires the understanding of
hand grasping motions. This method of task programming would obviate the need for a pro-
grammer to explicitly describe the required task, since the system is able to understand the
task based on observation of the task performance by a human.

An approach similar to APO was taken by Kuniyoshi,et al. [78], who developed a system
which is capable of emulating the performance of a human operator using a real-time stereo
vision system. However, their system is restricted to pick-and-place operations and fingertip
grasps. In order to replicate observed tasks, our system first infers intended subgoals from
observation of actual task performance. Yared and Sheridan’s work [158] is relevant in this
respect; their system infers human intention by computer linguistic analysis of sequences of
textual robot commands.

The APO approach of programming a robot belongs to a class of what we term as apro-
gramming-by-demonstration approach. This class of robot programming approach involves
a user-friendly interface that allows the user to easily specify the task in a simple and intui-
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tive manner without resorting primarily to hand-coding programs. The teaching and teleop-
eration methods described in the previous chapter are subsets of this approach.

2.1  Programming by Demonstration

Encoding knowledge about the task can be time-consuming; teaching a robot by demon-
strating the task by the human operator helps simplify the task knowledge transfer process.
This motivation is evident in work such as those involving learning human motor skills
through observation [50], and recognizing pick-and-place operations through observation
[78]. The programming-by-demonstration approach to robot programming can be roughly
divided into five categories (which are not necessarily mutually exclusive):

2.1.1  Direct Motion of Robot Hand

In this category, the robot is taught by directly moving it through the desired trajectory.
Obviously, the teleoperation and teaching methods described in the previous chapter belong
to this category. In addition to merely using raw sensor data to playback the task, more
recent work include robot motion interpretation, such as identification of robot states during
assembly. In their effort to analyze and duplicate human manipulation of objects, Takahashi,
Ogata, and Muto [145] use the approach of directly moving the object attached to the
manipulator and interpreting the positional data. The data is translated into directional infor-
mation and assembly states, the latter of which is based on relative position of the manipu-
lated object to the environmental objects. By using joint and force sensor information from
the robot, the system developed by Hirai and Sato [48] is capable of recognizing certain
robot actions, such as approach, move-to-grip, and grip actions. The recognition of teleoper-
ated robot motions is based on specified rules with pre- and post-conditions that are func-
tions of sensor data and possibly other robot motions. For example, an approach motion is
deemed to have occurred if the pre-conditions of the existence of the object and the hand
being empty, as well as the post-condition that the hand is near the object, have been satis-
fied.

Pook and Ballard [124] use significant changes in manipulator finger tension as a means to
detect completion of a subtask. In addition, they use the pattern classification technique of
learning vector quantization to classify teleoperated manipulation. In their example task of
placing a spatula under an egg on a pan, the classifications are grasp, carry, press, and slide.
They also work on what can be classified as symbolic-level teleoperation or “deictic teleas-
sistance,” [123] where a teleoperator uses hand signs to guide a manipulator through a given
task. A hand sign may indicate reach, grasp, or turn actions, for example.
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2.1.2  Using Physical Teaching Device

One of an earlier work on teaching by demonstration involves what is called a “visual pro-
gramming device” (VPD) [134]. A VPD is a wand with an array of lights at one end, and is
used in conjunction with a camera. The VPD is used to indicate the robot hand position and
orientation as well as its trajectory. While it is easy to use, there are problems with repeat-
ability.

Grossman and Taylor [41] propose using a mechanical deformable pointer (“bendy
pointer”) to indicate position. By using a series of locations, the poses of object frames can
be extracted easily and the code produced automatically. In an extension, the XPROBE sys-
tem [142] uses the dialogue approach to interact with the operator while guiding the robot
through a sequence of desired motions. It also allows the operator to teach sensing strategies
associated with object detection, such as the time of activation of the infra-red beam sensor
to detect an object prior to grasping.

Delson and West [35] measure position and force during the human execution of the task
using a teaching device. This device comprises a gripper fitted with pressure sensors and a
3-D position sensor. In the work that they reported, they use the human variation in the
repeated demonstrated trajectories to identify the shortest trajectory within the resulting
obstacle-free region. Their analysis is restricted to planar translational motion, and does not
use any geometric models of the task. They later describe an alternate heuristic-based local
method to produce a synthesized 3-D robot trajectory [34]. In an earlier related work,
Harima and West [45] use a dataglove with ultrasonic transducers (PowerGlove) to record
the desired motions, which are subsequently piecewise fitted with line segments.

2.1.3  Using Virtual Reality Environment

Takahashi and Ogata [144] use the virtual reality (VR) environment as a robot teaching
interface. The operator’s movements in the virtual reality space via the VPL dataglove are
interpreted as robot task-level operations by using a finite automaton model. For example,
an object is deemed to be grasped in the VR environment if the fingers are flexed around the
VR object.

While Takahashi and Ogata investigate the transfer of gross human motion in the VR envi-
ronment to robot motion, Hashimoto and Buss [46] concentrate on static grasp analysis of
the human hand while interacting with objects in VR environment. They model the manipu-
lative skill using a time-based sequence of the grip transformation matrix proposed by Salis-
bury [101]. The interface that they use (which they call the “sensor glove”) measures finger
joint positions and provides force feedback. The sensor glove, which is affixed to a vertical
metallic circular frame, limits the motion of the human hand, however. Interaction between
the human hand (through the sensor glove) and the VR object results in force feedback at the
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sensor glove. The grasp analysis performed involves both joint positions measured and
torques synthesized as a result of manipulating the VR object.

2.1.4  Vision-based Programming

Inaba and Inoue [59] propose “vision-based robot programming,” which refers to the task
specification and programming via a computer vision interface. Task specification involves
initializing object models using a 3-D pointer (laser spot scanner); task programming is sub-
sequently done by “moving” the established object model to the desired position in the
vision interface. Feature trackers in the form of rectangular windows are also specified by
the user to allow the system to monitor the execution of the task. In line with this idea,
Kuniyoshi,et al. [78] make use of a real-time stereo tracking system to determine pick-and-
place motions.

Similar to Inaba and Inoue’s work [59], Hamada,et al. [44] propose a system in which the
operator selects objects from a menu displayed on a computer screen and “attaches” it to the
image of a real scene, where it is superimposed onto the scene as a wireframe object. The
task is achieved by specifying robot motion in the screen image using a mouse. Grasping
points on object are knowna priori. Commands such as “carry( cap, path, body )” are spec-
ified to interactively carry out operations. This is first simulated in a “task mental image”
comprisinga priori action knowledge and a graphical display. Subsequently, the operations
are carried out by the manipulator with the aid of a computer vision system that matches the
“mental image” models with the real objects.

Matsui and Tsukamoto [103] describe a system to facilitate task programming using a
“multi-media display,” which comprises a stereo pair of camera and graphics images
(viewed with stereoscopic glasses for 3-D effect) and multiple windows for text display and
menus. Objects are modeled by their boundary representations. Prior to task programming,
the object models are superimposed onto real objects by first coinciding their reference
frames before adjusting object orientation and translation. The task is then programmed by
concatenating a series of operations from the operation menu. Subsequently, the task is sim-
ulated to check for possible manipulator-object interference before the task is actually car-
ried out. Superimposing the expected scene (manipulator and objects) to the actual scene is
done during the execution of the task for ease of operator verification.

Shepherd [135] describes a visual robot programming environment which allows interaction
with both constructed scenes (using a mouse to position known object models) and actual
scenes captured using a camera. The demonstrated task is represented as a collection of
sensing and action rules. Each rule is taught by demonstrating first its preconditions and
then its actions. He uses the term “visual programming” in a sense of program specification
in a two or more dimensional fashion [111]. (Conventional textual languages are one-dimen-
sional.) This approach is used to also teach the robot the sensing strategy via an interactive



10

dialogue in which the operator shows the operation using a mouse and the system responds
with more detailed questions. In addition, the system uses more realistic scenes by a “cut-
and-paste” method of objects shown during teaching at various poses.

2.1.5  Natural Programming

This type of robot programming entails fitting the programming interface to the operator,
thus reducing the programming effort to just interpreting human motions. Harima and West
[45] use the term “natural robot programming” to refer to the use of natural human motion
to program a robot. They use a PowerGlove dataglove to indicate discrete 3-D trajectory
points, which are subsequently used to generate the robot trajectory. In the same vein, Del-
son and West [35] use human hand trajectory (assumed planar) to plan manipulator trajec-
tory.

Kuniyoshi, et al.’s robot programming system [78] recognize pick-and-place operations
using a real-time stereo system. Two other restrictions of their system are that the object has
to be picked by the fingertips and that the hand has to be oriented such that it is seen from
the side by the camera system.

Our approach falls neatly into this category as well, since it involves the interpretation of
natural human hand motion to program a robot. In contrast to other work, our system has the
ability to recognize different types of human grasps in order to plan the manipulator grasp
accordingly. Our approach directly follows Assembly Plan from Observation (APO)
[58][141].

2.2  Assembly Plan from Observation

As mentioned in earlier sections, the key idea ofAssembly Plan from Observation(APO) is
to enable a system to observe a human perform a task, understand it, and perform the task
with minimum human intervention. In this approach, the human provides the intelligence in
choosing the hand (end-effector) trajectory, the grasping strategy, and the hand-object inter-
action by directly performing them. This approach helps to alleviate the problems of path
planning, grasp synthesis, and task specification. Our system, which incorporates the APO
paradigm, is shown in Fig. 1.

The data acquisition system extracts perceptual data from the environment; it provides low-
level information on the hand location and configuration, objects on the scene, and with
some analysis, contact information between the hand and the object of interest. Note that
vision need not necessarily be the sole sensing modality through which low-level data is
extracted. The grasping task descriptor/recognition module constitute a major portion of our
work. It translates low-level data into higher levels of abstraction to describe both the
motion and actions taken in the sequence of operations performed in the task. The vertical
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arrows in this module as shown in Fig. 1 indicate the consolidation and interpretation of
lower-level information to yield successively higher-level information. The low-level
description refers to the joint angles and positions, the medium-level the virtual fingers and
opposition space (defined in Chapter 5), and the high-level the type of the grasp itself.

Fig. 1 System incorporating principles of Assembly Plan from Observation

In our system, the output of the grasping task descriptor module is subsequently provided to
the task translator which in turn creates commands for the robotic system to execute in order
to carry out the observed task. The representations given in submodules A, B, and C are
independent of the robot manipulator (which is part of the robot system), while this is not
true of the translator. Fig. 2 illustrates succinctly how our programming-by-demonstration
system works. It analyzes the stream of perceptual data associated with the task by recogniz-
ing the human grasp before planning and executing the manipulator grasp.

Our work in this area is expected to result in a greater understanding of grasping motions, to
the extent that recognition by a robotic system would be possible. The areas in which this
body of knowledge is potentially useful include planning and automation, and teleoperation.
Specifically, in our work, since the grasp is described using increasingly abstract and manip-
ulator-independent representations, the resultant system would be conceptually applicable to
any given manipulator to be used in the robotic system. One potential problem is that the
best grasp is dependent on both the relative shapes and sizes of the object and hand. This is
easy to see by comparing the grasps that are used to secure a hold on a medium-sized object
and a small object. We are using the assumption that the relative sizes of the hand and
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manipulator are comparable, so that an object that can be held comfortably within the com-
pass of the human hand can also be held in a similar manner using the manipulator. If the
manipulator is of a disproportionate size relative to the hand, it would not be difficult to
scale the size of the object appropriately. However, the dynamics and control issues would
not be as simple.

Fig. 2 Operations in our programming-by-demonstration approach

It is probably not true in general that the way the human performs the task is the best way for
the robot as well. What we seek in our work is the convenience in programming the task,
with the primary aim of relieving the human of the more mundane job of programming
using a robot programming language (which also requires some degree of expertise). The
proposed approach of APO may be done at the expense of optimal robot performance, but
the savings in programming time and lower requirements of programming expertise would
offset this possible shortcoming. In addition, the resulting system would be more portable
from one robotic system to another, since the high-level abstractions of the grasp is manipu-
lator-independent.

2.3  Using Explicit Knowledge of the Task

Our approach is not to force the operator to explicitly define the task. The system relies only
on data extracted during the execution of the task itself. Explicit information (such as the
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type of object manipulation to be performed) would definitely constraint certain aspects of
the task – e.g., the type of grasps that one may use – but the rules governing such constraints
are usually heuristic (e.g., [29] and [55]). We choose to rely directly on demonstrated human
cues as perceptual inputs (as opposed to textual) to the system1. The operator transfers the
task specification implicitly. The idea is not to expect him/her to provide explicit task speci-
fication2 (which may not be easy to provide all the time - for example, how does one consis-
tently specify the desired mobility and dexterity?).

While direct knowledge of the object geometry would be useful in identifying potential
grasps and fingertip location, we did not use this approach, since the direct human demon-
stration would provide the necessary information of object face contact. However, adding
object geometrical knowledge would definitely help (for example, to corroborate the iden-
tity of the grasp).

1. This is not too different from the idea of using constraints; in our system, we use perceived and rec-
ognized human cues to constrain (namely identify) the type of grasp and manipulative motions.
2. While it is not unreasonable to make use of explicit task specification when available, we are pri-
marily interested in the use of perceptual data from human demonstration in programming a robot.
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Chapter 3

Observation System

The observation or data acquisition system is responsible for collecting the stream of per-
ceptual data associated with the operator performance of the task which is to be replicated
by the robot. At the very least, the data acquisition system should provide hand location and
posture as well as object location at every sampled instance during task execution. We have
used two versions of this system. In the first version, the hand is tracked using a dataglove;
object location is estimated from range images taken just prior to and right after task execu-
tion. The location of the object subsequent to the task performance is inferred both from
human hand motion and an object localization program. In the second version of the data
acquisition system, we replace the slow light-stripe rangefinder with a four-camera and
iWarp system, which is capable of appreciably faster rates of image capture.

3.1  Setup Version 1

The observation data of the task performance is captured using a light-stripe rangefinder, a
CCD camera (which yields the range and intensity images respectively), and aCyberGlove
with a Polhemus device (which yields the hand joint angles and pose respectively). The
observation system is shown in Fig. 3. We track the configuration (joint angles) and pose
(position and orientation) of the hand using theCyberGlove [33] and Polhemus [1] devices
respectively. TheCyberGlove is an instrumented, lightweight, flexible glove produced by
Virtual Technologies. It has 18 sensors (3 flexion sensors for the thumb and 2 for the other
fingers, 4 abduction sensors, 1 pinky rotation sensor, and the wrist pitch and yaw sensors).
The distal interphalangeal joint angles are not measured but estimated instead based on the
theoretically derived and empirically tested relationship between the distal and proximal
interphalangeal joint angles [21]. The Polhemus 3Space Isotrak sensing device is attached to
the back of the hand1, and provides the position as well as the orientation of the hand rela-

1. It was originally attached to the back of the wrist, but was moved to the back of the hand to reduce
the compounding error effect due to the wrist flexion and abduction angles in calculating finger loca-
tion.
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tive to the Isotrak source. The light-stripe rangefinder,CyberGlove, and Polhemus device
are all controlled by a single Sun workstation (Fig. 3).

Experiments were conducted in the following manner:

1. Take the range image of the scene right before the execution of the task. This is used to
determine the location of the object of interest.

2. Perform the task while its intensity image sequence and theCyberGlove and Polhemus
readings are being recorded.

3. Take the range image of the scene right after the task has been performed.

The task must involve only one manipulative action (e.g., transferring an object only)
because it is not possible to sample range images rapidly with this setup. The light-stripe
rangefinder takes about 10 seconds to cast 8 stripe patterns and calculate the range values for
a 256x240 image. The intensity images (each of resolution 120x128) taken during the per-
formance of the 1-task are sampled at a rate of about 1.5 Hz for verification purposes.

Fig. 3 Version 1 of data acquisition system

3.2  Setup Version 2

In the later version of the data acquisition system, we replaced the light-stripe rangefinder
with a four-camera active1 multibaseline system that is connected to the iWarp2 array via a
video interface (Fig. 4). The iWarp system is capable of reading digitized video signals from
the four cameras at video rate, i.e., at 30 Hz.

1. The word “active” refers to the addition of projected structured lighting during image capture.
2. The iWarp is a high-speed system architecture which is a result of joint effort between Carnegie
Mellon University and Intel Corporation [15].

Sun workstation

light-stripe
rangefinder

CyberGlove and
Polhemus



16

Normally, two cameras are sufficient to recover depth from triangulation. However, having a
redundant number of cameras facilitates correct matches between images, which is critical
to accurate depth recovery [117]. Details of the video interface are given by Webb,et al.
[152] while the depth recovery scheme is described at length by Kang,et al. [74]. The cam-
eras are verged so that their viewing spaces all intersect at the volume of interest, maximiz-
ing camera viewspace utility. In addition, a sinusoidally-varying intensity pattern is
projected onto the scene to increase the local discriminability at each image point. The cam-
era calibration procedure (which includes camera adjustment) and the depth recovery
scheme are briefly described in Appendix C. Results [74] have indicated that the average
errors in fitting planes and cylinders to stereo range data are less than 1 mm at distances of
1.5-3.5 m away from the cameras.

Fig. 4 Version 2 of data acquisition system

As before, both the serial line outputs of theCyberGlove and Polhemus device are con-
nected to the host (front-end) Sun workstation. During image capture, the video outputs of
the camera system (where all the four cameras are synchronized) are digitized, distributed,
and stored in iWarp DRAMs using systolic communication. Once image capture is com-
plete, these images are then chanelled to the front-end workstation to be stored in a storage
disk for later depth recovery. We are able to achieve sampling rates of about 4.5-5 Hz.
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Chapter 4

Task Recognition Module: Temporal Task
Segmentation

The previous chapter describes the function of the observation or data acquisition system,
which is to record the perceptual stream of data associated with the operator execution of the
task. Once this is done, the next step is to analyze this stream of data in order to extract
information about the task for replication. Extracting task descriptions directly from this
perceptual stream of data is not straightforward. This is because actions to be identified are
local and probably disparate, making global pattern classification techniques such as the
Fourier transform generally ineffective.

Instead, the strategy is to preprocess the perceptual data stream by dividing it into general
subdivisions. For a task involving grasps, a task can generally be subdivided into three parts:
reaching for the object, grasping the object, and manipulating the object (respectively the
pregrasp, grasp and manipulation phases, which are described in greater detail later in this
chapter).

This chapter describes the temporal segmentation algorithm that partitions a given task
sequence into the pregrasp, grasp, and manipulation phases. Temporal task segmentation is
important as it serves as a preprocessing step to identify the frames associated with these
phases. This information would then be used to focus on the relevant frames in order to
characterize the phases in the task. For example, when the grasp phase has been temporally
located, the grasp can then be identified using the location of the object and the hand config-
uration data (Chapter 5). In addition, the motion of the object during each manipulation
phase can be extracted.

4.1  Organization of Chapter

This chapter first describes the three different phases in a grasping task. It subsequently
reviews some of the characteristics of the pregrasp phase as described in the literature of
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human hand movement. The important features that are used in characterizing human hand
motion are discussed at greater length. The task segmentation algorithm that uses these fea-
tures is then detailed; results of the algorithm on several tasks are also shown and discussed.

4.2  Phases in a Grasping Task

As mentioned in the beginning of this chapter, there are three separate identifiable phases in
a grasping task:

4.2.1  Pregrasp Phase1

This is the first phase of the grasping task which precedes the actual grasp. It is a combina-
tion of the trajectory of the hand ([4], [62]) (hand transportation), and the temporal changes
in finger joint parameters in anticipation of the intended grasp ([4], [62]) (hand preshape).
The trajectory of the hand is influenced by the distance of the object from the hand ([4],
[63]) while the finger joint parameter changes are dependent on the shape of the object ([4],
[63], [149]). The hand transportation and hand preshape components have been observed to
occur in parallel. Features of the hand preshape such as the approach area, approach volume,
and approach axis, as described in [93], can be used to characterize this stage.

4.2.2  Grasp Phase

The pregrasp phase ends and the static grasp phase begins at the moment the hand touches
and has a stable hold of the object. The type of grasp employed can be identified at this
phase, and can be represented using a grasp abstraction hierarchy described in Chapter 5.

4.2.3  Manipulation Phase

The manipulation phase is characterized by hand motions resulting in the purposeful move-
ment of the object relative to the environment. The grasp is chosen by the operator on the
basis of the mobility and dexterity required to manipulate the object.

A manipulative action can be as simple as just translating the object with respect to the envi-
ronment. It can be as complex as simultaneously transporting (by hand transportation) and
precision handling ([81], [88]) the object with the fingertips, changing its pose with respect
to both the palm and the environment.

The term ofhomogeneous manipulation to describe the smooth object motion while perturb-
ing a single static grasp is introduced in Perlin,et al. [120]. A complete task may comprise
several homogeneous manipulations. Perlin,et al. [120] propose a structured and hierarchi-

1. This has been variously referred to as reaching ([4], [9], [149]) and target approach ([129], [149]).
However, these terms can be easily confused with the hand transportation component of this phase -
Jeannerod [62], for example, uses the terms reaching and transportation interchangeably.
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cal approach to autonomous manipulation, specifically for the Utah/MIT hand. The scheme
involves the establishment of the static grasp taxonomy, from which a library of homoge-
neous manipulations and subsequently low-level control primitives and sensor interactions
may be developed. In our work, we assume homogeneous manipulation (i.e., the same grasp
is employed) within a manipulation phase.

4.3  Features for Segmentation of a Task Sequence

In this section, we review research on human hand movement, specifically on the character-
istics of reaching motions of the hand (i.e., during the pregrasp phase). Subsequently, we
describe the features that are used in our framework of task segmentation. Relevant work on
motion representation are also briefly discussed.

4.3.1  Studies in Human Hand Movement

Numerous studies on human hand movement point to commonly established characteriza-
tions of the pregrasp phase. The pregrasp phase has been analyzed in terms of two simulta-
neous activities, namely the hand reaching activity (termed thehand transportation
component), and the finger activity in anticipation of the grasp (termed thehand preshape
component1) (e.g., [63], [95], [98], [156]).

Typical profiles of the hand transportation speed and grip aperture2 during the pregrasp
phase are shown in Fig. 5. The characteristic inverted bell-shaped curve of the hand trans-
portation speed has been observed by many researchers (e.g., [62], [110]).

Jeannerod ([62], [63]) conducted experiments involving reaching and grasping movements
to see how object characteristics affect these movements. His experiments show that object
size and orientation affect hand preshape but not hand transportation. However, object dis-
tance influences only the hand transportation and not the hand preshape. Another interesting
inference from his series of experiments is the temporal coincidence between the starting of
the hand preshape aperture reduction and the commencement of the low-velocity phase of
the hand tranportation. (The point at which the low-velocity phase begins is at the time
where the lowest acceleration occurs.) These happen almost simultaneously after about 75%
of movement time had elapsed. Fig. 6 shows the temporal divisions of the hand preshape
and hand transportation components into different subphases whose boundaries coincides.

1. This has also been referred to as the grasping or manipulation component. The alternative terms are
not used here to avoid confusion with the static grasp phase and the manipulation phase of the grasp-
ing task.
2. The grip aperture in this context is defined as the separation between the tips of the thumb and
index finger.
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Fig. 5 Typical pregrasp component profiles

Fig. 6 Pregrasp phase components

The hand preshape component is controlled by the distal muscles of the body and appears to
be activated by intrinsic or object-centered properties such as object shape and size. In con-
trast, the hand transportation component is controlled by proximal muscles and appears to
be activated by extrinsic or viewer-centered properties such as object location relative to the
person [62].

Marteniuk and Athenes [98] found that the maximum grip aperture has very strong linear
correlation with the object size and that movement time increased linearly with the decrease
in object (disk) size. The latter result is due to the increase in the duration of hand decelera-
tion while the duration of hand acceleration remained constant. The ratio of these two times
could perhaps be linked to the precision requirements of hand motion in the task, as Marte-
niuk, et al. [99] suggest. Marteniuk and colleagues [99] noted that the objective of a task,
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which dictates the precision requirements of the task, affect trajectory shape. For example,
in one of their experiments, the duration of hand deceleration was disproportionately longer
for the task of fitting a disk into a well when compared to that for a task of picking up a disk
and throwing it into a large box.

Wing, Turton and Fraser [156] report that the grip aperture1 was greater in cases where
reaching movements were performed faster and where there was no visual feedback (i.e.,
subjects had their eyes closed while reaching for the object).

The results of the research on human hand motion point to the importance of both the grip
aperture and speed of the hand in characterizing the pregrasp phase. These studies that high-
light the characteristic shapes of the grip aperture and speed profiles indicate that these mea-
sures may be used to temporally segment a task sequence into its constituent phases. Both of
these metrics (in one form or the other) form the bases of our work on temporal task seg-
mentation. Three quantifiable measures that are proposed are thehand volume, thefingertip
polygon, and thefingertip polygon normal.

4.3.2  The Hand Volume, Fingertip Polygon, and Fingertip Polygon Normal

Lyons [93], in describing a conceptual high-level control mechanism for a dexterous hand,
defines the following terms:

• approach volume - the volume between the fingers

• approach area - surface formed by joining the fingertips of the preshaped hand by straight
lines

• approach axis - outward normal to the approach area through its centroid

Lyons uses these terms in the context of the pregrasp phase. We extend these definitions to
the manipulation phase as well; the corresponding terms that we use are:

• hand volume

• fingertip polygon area

• fingertip polygon normal

Fig. 7 depicts the ideas of hand volume, fingertip polygon, and fingertip polygon normal.
These features are potentially useful in characterizing a task. In fact, the fingertip polygon is
used as one of the primary features for temporal segmentation in our framework.

1. The grip aperture is the separation between the tips of the thumb and index finger.
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Fig. 7 Fingertip polygon normal, fingertip polygon, and hand volume for the hand (top) and a
manipulator (bottom)

4.3.3  Calculating the area and centroid of the fingertip polygon

Wing and Fraser [155] found from their experiments that the thumb contributed significantly
less in the reduction of grasp aperture that the other fingers. They suggest that the relative
stability of the thumb is due to its role in guiding the hand transportation of the pregrasp
phase. In light of this research, it would seem reasonable that the position of the centroid
within the fingertip polygon would be more heavily influenced by the position of the tip of
the thumb.

Fig. 8 Contact web (Chapter 5), the fingertip polygon and the fingertip polygon normal and coordinate
frame

Consider the contact web representation (Chapter 5) of the hand at a given point in time dur-
ing the pregrasp phase (shown in Fig. 8). The fingertips are denoted as P1 (tip of the thumb),
P2, P3, P4 and P5; Ca is the centroid of the fingertip polygon while  is the fingertip poly-
gon normal. The area of the fingertip polygon is

where  is the area of the triangle P1PkPk+1 (calculated using Heron’s formula):
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n̂ a

Aa p p Ak

k 2=

4

∑= (1)

Ak

Ak sk sk l k−( ) sk l k 1+−( ) sk mk−( )= (2)



23

where

lk is the distance between P1 and Pk, andmk is the distance between Pk and Pk+1.

The centroid of the fingertip polygon is

where  and  fori = 2, ..., 5.

The fingertip polygon normal is taken to be the normal of the best fit plane to the fingertips
(away from the hand). The frame origin of the fingertip polygon is at its centroid with the x-
axis defined to be the unit vector pointing towards the thumb fingertip and the z-axis defined
as the normal (Fig. 8).

A very important question arises: when do we know that the object has been grasped and at
which point does the object move with the hand? One possibility is to use explicit motion
boundaries.

4.3.4  Motion Representation using Explicit Boundaries

Rubin and Richards [130] propose to characterize visual motion using explicit boundaries
that they define as starts, stops and force discontinuities (step and impulse). When one of
these boundaries occurs in a motion, human observers have the subjective impression that
some fleeting, significant event has occurred. Iba [50] augments these elementary bound-
aries with zero crossings in accelerations. While these motion boundaries show promise in
task segmentation, they are prone to noise and are less reliable when the sampling rate is
low, as was the case in our experimental setup.

4.4  Temporal Segmentation of a Task Sequence

In this section, we first define the notions of asubtask and anN-task, and describe how a
task can conveniently be pictorially represented as a state transition diagram. We then
describe the task segmentation algorithm. Subsequently, we show, with examples, how the
identified task breakpoints that separate the different phases can be used to identify the grasp
and extract object motion in the manipulation phase. Determining object motion in the
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manipulation phase is useful in identifying the actions performed on the object during the
task.

4.4.1  State Transition Representation of Tasks and Subtasks

An assembly task may comprise a variety of operations such as moving towards an object,
picking up an object, moving the grasped object, and inserting one object onto another. It is
convenient to represent the task as a series of states and transitions. As mentioned earlier, a
task unit (called asubtask from this point on) is composed of three phases, namely the pre-
grasp, grasp, and manipulation phases. The grasp phase is treated as a transition from the
pregrasp phase to the manipulation phase. The state transition diagram for a subtask is
shown in Fig. 9(a). A task would minimally comprise these three phases and an ungrasp and
depart motions. The ungrasp motion corresponds to the release of the manipulated object.
The depart phase is a specialized instance of the pregrasp phase that signals the termination
of the entire task sequence. Hence a task has minimally one embedded subtask; such a min-
imal task is referred to as a1-task (Fig. 9(b)). A task withN subtasks is termed anN-task.
The state transition diagram for a general task is depicted in Fig. 10.

Fig. 9 State transition diagram of a (a) subtask and (b) 1-task

Fig. 10 State transition diagram of a general task (N-task)

The state transition diagram representation lays the groundwork for the temporal division of
a task sequence and facilitates the visualization of the extracted task components. Note that
at this point, this representation is primarily for human visualization and understanding (as
opposed to direct system use in [22], [105] and [136], for example). The system does, how-
ever, know the relationship between the phases once they have been located, and thus uses
the representation in a rudimentary fashion.
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4.4.2  Temporal Segmentation of Task into Subtasks

We can segment the entire task into meaningful subparts (such as the different states and
transitions described in the previous section) by analyzing both the fingertip polygon area
and the speed of the hand. The fingertip polygon area is an indication of the hand preshape
while the speed of the hand is an indication of the the hand transportation. While a viable
alternative appears to the grip aperture, i.e., the distance between the thumb and the index
finger, this feature is more prone to sensor error.

Intuitively, in the pregrasp phase, as a person moves his/her hand towards an object with the
goal of picking it up, he/she unconsciously increases the spacing between the fingers in
anticipation of the grasp. This yields the characteristic inverted bell curve profile of the fin-
gertip polygon area during this time. The speed profile of the hand also assumes this trend,
due to the initial acceleration and the subsequent deceleration. Once the object has been
picked and is being moved, we arrive at the manipulation phase of the task. Assuming
homogeneous manipulation, the fingertip polygon area remains approximately constant.
Once again the speed profile of the hand assumes the inverted bell curve of acceleration and
deceleration. By taking into consideration both the fingertip polygon and speed profiles in
the pregrasp and manipulation phases, we can more reliably divide the entire task into the
following actions: reach for object, grasp object, move or manipulate object, and place
object. The breakpoints can be extracted more reliably in this manner than from just the
speed or fingertip polygon profile alone. This can be seen by considering the speed and fin-
gertip polygon profiles in Fig. 16 which possess many local minima. The significant values
of the fingertip area during the first manipulation phase (frames 11-17) also complicates the
segmentation process.

A useful profile to analyze is the profile of the product of the speed and fingertip polygon
area at each frame called thevolume sweep rate profile. The physical interpretation of the
volume sweep rate is illustrated in Fig. 11. It measures the motion of the fingertip polygon
area due to hand speed in 3-D space. While the hand reaches to grasp the object, both the
speed and fingertip polygon area profiles are bell-shaped, and although the peaks are not
coincident, its volume sweep rate has an accentuated peak. Thus the volume sweep rate pro-
file of pregrasp phase has a comparatively higher peak value than that of the manipulation
phase. This can be seen from the graph based on typical real data in Fig. 12. Meanwhile,
during object manipulation, the fingertip polygon area is always less than the peak fingertip
polygon area of the reach-object phase just prior to the grasp. This results in a smaller peak
value of its volume sweep rate. The volume sweep rate profile is used to get rid of local
extrema points (minima) in the speed profile that are not task breakpoints.
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Fig. 11 Physical interpretation of volume sweep rate

Our main argument for the use of the volume sweep rate is the accentuation of the peak dur-
ing the pregrasp phase, which helps to determine the task breakpoints. Looking at the speed
curve is not sufficient for two reasons: (1) Coarse sampling and non error-free data which
result in actual rests between phases not showing up as zeroes, causing task segmentation to
be brittle; and (2) inability to distinguish between actual breakpoints and momentary rests
during operations such as turning a screw. Repeated experiments have shown that using the
volume sweep rate yielded significantly more reliable segmentation results.

Fig. 12 Typical profiles of fingertip polygon area, hand speed, and volume sweep rate during the
pregrasp phase

The task breakpoints are a subset of both the speed and volume sweep rate local minima.
The algorithm to segment a task sequence into meaningful subsections starts with a list of
breakpoints comprising local minima in the speed profile rather than those in the volume
sweep rate. This is because while the volume sweep rate is useful in globally locating the
true breakpoints, it usually contains more local minima which are not task breakpoints. We
can further reduce the size of the set of possible breakpoints by imposing the condition that
the speed local minima must also be local minima (within a certain small neighborhood) of
the volume sweep rate profile. In a few cases, this extra step turns out to be critical in reject-
ing certain spurious speed local minima which are the result of momentary pauses during

Fingertip polygon
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at (t+δt)
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the pregrasp (reaching out) phase that create problems for the segmentation algorithm. In
short, the initial hypothesized set of task breakpoints is given by

whereS is the speed profile,VSR is the volume sweep rate profile,L(M) is the set of abscissa
components of local minima of motion profileM, andLexp,δ(M) is theδ-expanded set of
L(M) defined by

The initial set of task breakpoint hypothesis is based on the observation that the hand and
fingers are stationary momentarily during the grasp. The expanded set is to cater for latency
between hand and finger motion pauses both during data acquisition and actual execution.

The algorithm to segment a task sequence into meaningful subsections starts with a list of
breakpoints comprising local minima in the speed profile. The initial breakpoints are
extracted from the speed profile rather than the volume sweep rate profile as while the latter
is useful in globally locating the true breakpoints, it contains more local minima. The global
segmentation procedure makes use of:

1. The condition that the pregrasp phases and the manipulation phases interleave;

2. The condition that the peak of the volume sweep rate in the manipulation phase is smaller
than those of the two adjacent pregrasp phases;

3. The condition that the mean of the volume sweep rate in the pregrasp phase is larger than
those of the two adjacent manipulation phases; and

4. The goodness of fit of the volume sweep rate profiles in the pregrasp phases to gaussian
curves1.

Let

Ii = interval between breakpointsi andi+1;

NI = number of hypothesized intervals;

NM = number of hypothesized manipulation phases =  ;

MVSR,i= mean volume sweep rate inIi;

MAPA,i = mean fingertip polygon area inIi;

1. The profiles were initially fit using parabolas, but the gaussian curve provides a more reliable fit,
especially at the sides of the profiles.
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FVSR,i = root of sum of squared error in gaussian curve fitting the volume sweep rate profile
in Ii;

FAPA,i= root of sum of squared error in gaussian curve fitting the fingertip polygon area pro-
file in Ii; and

Di essentially yields the weighted sum of the RMS errors of gaussian curve fitting of the
pregrasp profiles adjacent to the hypothesized manipulation phase. The weight is taken to be
the mean polygon area in the pregrasp phase. The objective function associated with the list
of breakpoints is given by the mean

The desired breakpoints are obtained by minimizingE. Using the volume sweep rate profile
rather than the speed profile reduces the tendency to incorrectly group adjacent phases, since
the more pronounced peaks in the pregrasp phase make them much more difficult to errone-
ously classified together with the adjacent manipulation phases.

Given a tentative list of breakpoints, the algorithm tries all the combinations subject to items
1 to 4 above. Many possibilities are pruned by the conditions in items 2, 3 and 4 above; the
combination which yields the best overall gaussian curve fit is then deemed to be the desired
task breakpoints.

4.4.3  Experimental Results

Experimental Results using Version 1 of Data Acquisition System

The temporal task segmentation algorithm has been successfully applied to several task
sequences, and the results of two of the sequences can be seen in Fig. 15 and Fig. 16. (Note
that each motion profile is normalized such that its maximum is 1.) As can be seen from the
volume sweep rate profiles, the pregrasp phase peaks are accentuated, thus facilitating phase
idenfication. The breakdown and classification of the frames are shown in Fig. 13 and Table
1 (task sequence 1), and Fig. 14 and Table 2 (task sequence 2). Task sequence 1 (a 3-task)
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involves only pick and place actions while task sequence 2 (a 4-task) involves pick and
place, insert, and screwing actions. For both sequences, the algorithm has correctly identi-
fied the frames where an object is grasped and placed, regardless of whether the object is
picked and placed, inserted into another object, or screwed into another object.

Fig. 13 State transition representation of task sequence 1 (3-task)

Fig. 14 State transition representation of task sequence 2 (4-task)

Table 1  Classification of frames in task sequence 1

i Pi gi Mi ui D

1 {0, ..., 8} {9} {10, ..., 13} {14}

2 {15, ..., 18} {19} {20, ..., 25} {26}

3 {27, ..., 30} {31} {32, ..., 37} {38}

{39, ..., 44}

Table 2  Classification of frames in task sequence 2

i Pi gi Mi ui D

1 {0, ..., 9} {10} {11, ..., 17} {18}

2 {19, ..., 23} {24} {25, ..., 35} {36}

3 {37, ..., 43} {44} {45, ..., 51} {52}

4 {53, ..., 58} {59} {60, ..., 90} {91}

5 {92, ..., 101}
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Fig. 15 Identified breakpoints in task sequence 1 (a 3-task).
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Fig. 16 Identified breakpoints in task sequence 2 (a 4-task).

Experimental Results using Version 2 of Data Acquisition System

Two examples of task sequences recorded using the four-camera multibaseline system,
CyberGlove, and Polhemus device are shown in Fig. 17 (task sequence 3) and Fig. 18 (task
sequence 4). Task sequence 3 involves two subtasks: transporting a screw and turning it into
a threaded hole, and inserting a cylinder into a hole. Task sequence 4 involves two pick-and-
place actions on a cylinder using a power grasp and a box using a precision grasp.
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Fig. 17 Identified breakpoints in task sequence 3 (a 2-task)

Fig. 18 Identified breakpoints in task sequence 4 (a 2-task)
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4.4.4  Incorrect Segmentation

Incorrect segmentation occurs when hand motion is too rapid for an effective number of
samples to be taken or the operator deliberately misleads the system by slowing down or
narrowing the grip aperture at an unappropriate time during the pregrasp phase. A typical
example of deliberately misleading the system is shown in Fig. 19. This task sequence is
actually similar to that in Fig. 18, with the same setup. However, in this case, the operator
deliberately narrows the aperture grip in the middle of the pregrasp phase (see the circled
area in Fig. 19). The assumption of the characteristic bell curve associated with the pregrasp
phase is thus violated, causing erroneous breakpoint identification.

The problem of incorrect segmentation may be avoided by checking hand proximity to
objects using range data, but this is done at a very high computational cost. There is also a
problem of setting proximity thresholds. This means of verification has not been imple-
mented here.

Fig. 19 Example of incorrectly identified breakpoint

4.5  Summary of Chapter

A task comprises three identifiable phases, namely, the pregrasp, grasp, and manipulation
phases. By using the motion profiles of the task, we show that the task can be automatically
temporally segmented into these phases. The motion profiles are those of the fingertip poly-
gon area (area of polygon whose vertices are the fingertips) and the speed of the hand
motion. We introduce the notion of thevolume sweep rate, which is the product of the fin-
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gertip polygon area and the hand speed. The volume sweep rate profile is also used in the
task division algorithm. The successful application of this algorithm on real task examples
demonstrates its viability. The temporal task segmentation process is important as it serves
as a preprocessing step to the characterization of the task phases. Once the breakpoints have
been identified, steps to recognize the grasp and extract the object motion can then be car-
ried out. The following chapter describes how the human grasp can be identified.
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Chapter 5

Task Recognition Module: Human Grasp
Recognition

Once the task sequence has been temporally segmented as described in the previous chapter,
the first thing that can be done is human grasp identication. Not only is the resulting grasp
description used as a guide for manipulator grasp planning, but it also allows high-level
operator verification. This chapter describes how the human grasp is identified from percep-
tual data, and what the grasp representation used to achieve the recognition.

5.1  Organization of Chapter

This chapter begins by describing the human model used in our work. In order to recognize
a human grasp from perceptual data, we use a human grasp representation (called thecon-
tact web) and a grasp taxonomy based on this grasp representation. The grasp recognition
scheme that uses this taxonomy is then described. Once grasp recognition has been accom-
plished, a grasp abstraction hierarchy that incorporates different levels of descriptions can
subsequently be constructed.

5.2  Hand Model

An articulated hand model whose finger movements closely resemble those of an actual
hand is used to infer the grasp observed in the scene. The human hand is depicted in Fig. 20.
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Fig. 20 Bones and joints of the human hand (adapted from Iberall and MacKenzie [56]).

Each finger is approximated to have four degrees of freedom. The four angular parameters
associated with finger movement (except the thumb) are directly associated with the degree
of finger abduction and the degrees of flexion at the metacarpophalangeal, proximal inter-
phalangeal and distal interphalangeal joints (Fig. 20). For the thumb, they are the angular
flexions in the carpometacarpal joints (two parameters), the metacarpophalangeal joint and
the interphalangeal joint. In this hand model, limits of these angular parameters which are
consistent with anatomical and physiological studies of the hand (e.g., [3], [64], and [147])
are imposed. Flexion angles are defined with respect to the hand frontal plane1 while the
abduction angles are defined with respect to the sagittal planes2.

In our preliminary work on human grasp recognition, the human hand finger segments are
modeled by cylinders. Buchholz and Armstrong [20] model hand segments with ellipsoids
for ease of analytic determination of contact points between the hand and held object, which
is also modeled by an ellipsoid. The ellipsoid-ellipsoid contact algorithm allows modelling
of soft tissue penetration. While the ellipsoidal modelling is suitable for simulation, it is less
suitable for tracking.

5.3  Classification of Grasps

There has been a lot of study in the medical community on the grasping capabilities of the
human hand, from the anatomical and functional points of view. Schlesinger [133] and Tay-
lor and Schwarz [147] associate human grasps primarily with the object shape in their cate-
gorization of six grasps (cylindrical, fingertip, hook, palmar, spherical and lateral). Griffiths’
[40] grasp classification is also based on objects of varying form. He partitions the functions
of the hand into cylinder grasp, ball grasp, ring grasp, pincer grasp and plier grasp. McBride

1. The frontal plane is the plane parallel to a flat hand with fingers extended.
2. The reference sagittal plane of a finger is the plane perpendicular to the frontal plane passing
through the principal long axis of the fully adducted and extended finger.
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[104] took a different approach in dividing the function of the hand: his classification
depends on the parts of the hand which participate in the grasp (grasp with the whole hand,
grasp with thumb and fingers, and grasp with finger and palm). These classifications, while
expressive and intuitively informative, do not reflect a fundamental analysis of the hand as
an entity. They are either too dependent on the shape of the held object ([40], [133], [147]),
or arbitrary without any particular functional basis ([104]).

Napier [112], on the other hand, dichotomized grasps into precision grasps and power
grasps1. His classification of grasps is based on the purpose of the task, shape and size of the
object, and the posture of the fingers. This division of grasps into precision and power
grasps is the most widely accepted and used by researchers in the medical, biomechanical
and robotic fields. A power grasp is used for higher stability and security at the expense of
object maneuverability, while the converse is true for a precision grasp. A precision grasp is
characterized by a small degree of contact between the hand and the object. In this type of
grasp, the object is normally pinched between the thumb and the flexor aspects of at least
one finger. In a power grasp, however, the object is held tight by the fingers and the palm2.
The major classifications of a power grasp are the cylindrical power grasp and the spherical
power grasp. In a cylindrical power grasp, the thumb can either be adducted for some ele-
ment of precision, or abducted for more clamping action on the object. Henceforth the cylin-
drical power grasp refers to the former type while the “coal-hammer” grasp refers to the
latter type. Sollerman [138] uses a different terminology for power grasps; he refers to the
cylindrical power grasp, “coal-hammer” grasp, and spherical power grasp as the diagonal
volar grasp, transverse volar grasp, and spherical volar grasp respectively.

Cutkosky and Wright [32] construct a hierarchical tree of grasps beginning with Napier’s
distinction between precision and power grasps. At the lowest level, a grasp is chosen based
on object geometric details and task requirements. However, not only is the taxonomy
incomplete, but because the grasp classification is discrete, there may exist problems in cat-
egorizing grasps in intermediate cases (e.g., the shape of the object is somewhere between
being strictly prismatic and strictly spherical). In these cases, determination of the type of
grasp will then be dependent mostly on human judgment rather than on reasoning.

In our effort to automate the recognition of grasps, we require a grasp taxonomy which
could provide a systematic way of identifying grasps based on the hand configuration and
object shape. Cutkosky and Wright’s grasp taxonomy is not suitable for use in our work
because, in addition to its limitations mentioned above, it presumesa priori knowledge of
the task requirements which are not available in our problem domain. We propose a grasp

1. He actually referred to them as precision grips and power grips. The term “grasp” is used through-
out this document for consistency.
2. An exception is the lateral pinch, which is the grasp employed when turning a key in a lock. This
grasp involves the thumb and the radial side of the index finger.
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taxonomy based on the analysis of the effective contact points of the hand with the grasped
object. The effective contact point of a finger segment represents the surface contact of that
segment with the object. The resultant spatial pattern of contact points forms what we call a
contact web.

5.4  The Contact Web

5.4.1  Definitions

A contact web is defined as a 3-D graphical structure connecting the effective points of con-
tact between the hand and the object grasped. When parts of a finger or palm make contact
with the grasped object, the actual contact area is finite. A point contact is useful in repre-
senting the contact between the phalangeal segments and palm, and the object because of
ease of representation and analysis, and accommodation of uncertainty in grasping. The
shape and cardinality of the contact web yield important information about the type of grasp
used.

Intradigital contact points are contact points along the same finger.Interdigital contact
points are those located at different fingers. The contact notation adopted is illustrated in
Fig. 21.

 is the intradigital contact point set for the ith finger (i = 0 (the thumb), 1, 2, 3, 4);

E.g.,  = {C13} refers to the finger tip contact point set of the index finger.

PC = {fingers in contact with object};

PH = {  : } (the contact point set);

N0(PH) = cardinality of PH = number of fingers in contact with object;

N1(PH) =  = total number of contact points.

Note:  = 15.

PI
i

PI
1

PI
i i PC∈

N0 PI
i

i PC∈
∪

 
 

N1 PH( )
max



39

Fig. 21 Contact Notation on the right hand (palmar side)

5.4.2  A Taxonomy based on the Contact Web

Cutkosky and Wrights’ taxonomy [32] provides a systematic way of finding a grasp that will
satisfy a particular set of task requirements and a particular object shape. However, such a
taxonomy is difficult to use if (as in our case) the task requirements are not knowna priori.
We propose a grasp taxonomy which is based on the contact web. It provides a systematic
way of recognizing grasps from the hand configuration and the object shape. In addition, it
provides a more continuous classification of grasps by not restricting the classification to
discrete grasp groups.

Fig. 22 shows the proposed major classifications of grasps and the type of contact web asso-
ciated with each major grasp group. The contact web provides an easy, compact and conve-
nient framework for describing grasps, giving insights into the type and shape of the object
grasped, and possibly, the tasks involved. Note that the contact point of the palm is merely
an artifact which represents the effective contact of the palm with the grasped object. This
point may or may not be physically in contact with the object.

Fig. 22 Major classifications of grasps for recognition
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A power grasp is characterized by a high degree of contact between the hand and the held
object. This allows high clamping forces on the object. A feature that we use to first distin-
guish between grasps is the involvement of the palm surface in the grasp. Grasps which
involve the palm surface are calledvolar grasps while others are callednon-volar grasps.
All volar grasps are power grasps. All but one type of non-volar grasps are precision
grasps1. The exception mentioned is the lateral pinch, which is the grasp assumed by the
hand when turning a key in a lock. Although the lateral pinch does not involve the palm sur-
face, it emphasizes on the security of the object rather than its dexterity; hence it is a power
grasp. This is the reason why volar and non-volar grasps are not equivalent to power and
precision grasps respectively, and are not labeled as such in our taxonomy. The non-volar
grasps are further classified asfingertip grasps andcomposite non-volar grasps. The finger-
tip grasp involves only the fingertips while the composite non-volar grasp involves surfaces
of other segments of the fingers in addition to the fingertips. The major grasp classifications
are shown in Fig. 22, while the effective contact point notation is depicted in Fig. 21.

One interesting feature of a category of grasps is whether the contact web associated with
that category is planar or non-planar. The contact web formed by a volar grasp is spatially
non-planar (except for the platform push2). In most non-volar grasps where the areas of con-
tact between the object and the hand are those of the fingertips (fingertip grasps), the associ-
ated contact web is approximately planar. However, there are at least two identifiable cases
of non-volar grasps where the contact web is non-planar, namely the lateral pinch and the
pinch grasp. These are separately grouped as composite non-volar grasps.

The contact web enables a more continuous categorization of grasps as shown in Fig. 23 and
Fig. 24. The degree of membership to a strictly prismatic grasp or spherical/disc grasp lies in
the degree of fit of the contact points to the respective shapes. In addition, the contact web
facilitates a mathematical framework for the recognition of grasps as described in section
5.6. Finally, as discussed in this section, this grasp taxonomy provides a systematic means of
grasp discrimination from observation.

5.4.3  Comparisons with Other Grasp Frameworks

Cutkosky discusses how to choose grasps based on task requirements and object shape, and
he implemented an expert system called “Grasp-Exp” to do this [29]. Cutkosky and Howe

1. Napier [112] regards volar grasps as power grasps and non-volar grasps as precision grasps. This
view is shared by various other researchers in the medical and biomechanical fields (e.g., [20], [89]).
However, this would not bestrictly true if we adhere to the position that the type of grasp should be
classified according to the predominance of either power or precision in the grasp (which, interest-
ingly, Napier [112] adheres to as well). The demand for power is higher than the demand for precision
in the lateral pinch; though it is a non-volar grasp, it is, by the power predominance definition, a
power grasp. See text.
2. The platform push is anon-prehensile grasp; non-prehensile grasps are not considered in this work.
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[30], in a similar vein, relate grasp attributes such as dexterity and precision to analytic mea-
sures such as manipulability and isotropy in their grasp analysis. Iberall and MacKenzie
[56] concentrate on finding a grasp solution for the controller given anticipated object prop-
erties and predictable interaction outcome in terms of opposition space and virtual fingers.
Iberall [53] describes a neural network that maps qualitative task and object properties (sur-
face length in terms of finger span, object width, amount of forces, and level of task preci-
sion) onto a desired prehensile posture. The mapping is based on empirical evidence.

In each of these cases, an explicit analytical framework is not provided toidentify a given
grasp. In our scenario, object description is available while task description is not. The sys-
tem has to somehow be able to determine what grasping strategy has been employed based
on viewing a multiple sequence of the task.

Nguyen and Stephanou [114] describe a topological algorithm for continuous grasp plan-
ning. Their paper proposes a topological algorithm to determine a grasp expressed in terms
of low-level joint variables, given a high-level task description. Again, the assumptions
made and the domain are different. In our framework, no task description is available.
Instead, it is inferred.

Pao and Speeter [118] determine the matrix transformation linking the joint parameters of
the human hand and a multifingered robotic hand based on a predefined set of hand poses.
The robotic hand posture corresponding to any given hand configuration is then interpolated
using this matrix transformation. There is no higher level of abstraction in their method as
correspondence between the human and robotic hand configurations is established based on
low-level joint angles. As a result, it may be difficult to generalize this scheme to less
anthropomorphic robotic hands and for complicated tasks.

Our framework provides a direct mathematical means to use higher-level conceptual terms
for describing the physical configuration of the hand. As mentioned earlier, it also provides
a more continuous taxonomy of grasps.
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Fig. 23 Classification of non-volar grasps
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Fig. 24 Classification of volar grasps

5.5  Virtual Fingers and Opposition Space

By analyzing the contact web, medium level grasp concepts such as virtual fingers and
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Iberall, et al. [54] defineopposition space as “the area within the coordinates of the hand
where opposing forces can be exerted between virtual finger surfaces in effecting a stable
grasp.” They show that prehensile grasps involve combinations of the three basic opposi-
tions shown in Fig. 25. Pad opposition is used in precision grasps, while palm opposition
provides a more powerful hold on the object. Finally, side opposition is a compromise
between these two oppositions in terms of dexterity and strength of the grasp. Opposition
space is an important concept in characterizing grasps.

Fig. 25 Types of opposition (adapted from Iberall,et al. [56]). (a) Pad opposition, (b) Palm opposition,
(c) Side opposition

5.6  Recognizing Grasps from the Contact Web

We now illustrate how the contact web can be used to identify the grasp. As mentioned ear-
lier, there are three different types of opposition: pad opposition, palm opposition, and side
opposition. We start with the simplest type of opposition, namely, pad opposition, and then
proceed to side opposition. The detailed analyses involving these oppositions in the next
two subsections constitute the main ideas embodied in the mathematical framework for
grasp recognition.

5.6.1  Pad Opposition Only

There are at least two virtual fingers to effect this opposition. Thedegree of force coupling
between any two given forcesfi,cpp andfj,cpp is defined to be their normalized dot product:

The following is a proposed analytical method of determining the mapping of all the fingers
touching the grasped object into either one, two or three virtual fingers. Note that this
method does not presume the mapping of the thumb into one virtual finger.

(a) (b) (c)

Dc i,j( )
f i,cpp f j,cpp•
f i,cpp f j,cpp

=
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Fig. 26 Virtual finger mapping under the influence of opposition space and point contact placement

This method is based on the premise that the mapping and number of virtual fingers depend
on the location and degree of coupling between the fingers in contact with the grasped
object. This philosophy is illustrated in Fig. 26. It quantifies the degree of coupling between
fingers and introduces the concept of thecohesive index of a virtual finger. The cohesive
index of a virtual finger indicates the degree to which the real fingers mapped into it are
functionally equivalent. Let the normal forces on the contact polygon plane (CPP) be
denoted asf ’ i,cpp (i=1, ..., n), and the actual internal projected forces acting on the object be
represented byfi,cpp (i=1, ..., n). Assume that there are nRF real fingers in contact with the
grasped object and thatf ’ i,cpp are known for i = 1, ..., nRF. Assume also, thatfi,cpp ≈ f ’ i,cpp.
The virtual finger membership index between fingers i and j (each with only one contact
point for the moment) is defined as:

It can be seen that . Two real fingers are more likely to be members of the same
virtual finger if the force vectors at the contact points are similar (i.e., both in terms of force
direction and magnitude). Obviously mii  = 1 and mij  = mji . Let VFk denote the set of real
fingers hypothetically belonging to the kth virtual finger. Then the cohesive index for that
virtual finger is defined as the geometric mean of all the pairwise virtual membership indi-
ces:

where

N(VFk) being the number of real fingers in virtual finger VFk and  is the reciprocal of the
number of possible pairs of real fingers in virtual finger VFk. Cvf,k characterizes the similar-
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ity of action of the real fingers in VFk. If all the fingers in VFk act in unison, i.e., exert forces
equal in magnitude and direction, thenCvf,k = 1. However, if any two fingers in VFk exert
forces in opposite directions, thenCvf,k = 0.

The problem of determining the number of virtual fingers and the constituents of each vir-
tual finger can be described as a non-linear mixed program:

Maximize

subject to

The product term with the exponent in the objective functionCeff is the geometric mean of
the membership indices of the hypothesized virtual fingers. This ensures that the division of
real fingers into virtual fingers is done in such a way that the real fingers in each virtual fin-
ger act on the object in as similar a manner as possible.Ceff is called thegrasp cohesive
index. The remaining factor in the objective function is designed to favor a smaller number
of virtual fingers should there exist equivalency in the objective function (without this fac-
tor) for different hand configurations comprising different numbers of virtual fingers. RF is
the set of real fingers in contact with the grasped object. For the following examples, for
simplicity, it is assumed that all the forces exerted are of unit magnitude (this assumption
does not detract from the basic principle). This assumption is altered somewhat for the
experiments which are described in subsequent sections.

Example 1 (see Fig. 27)

Fig. 27 Illustration for Example 1

For the simple case of the thumb and two fingers holding a prismatic object in place, the
highest value forCeff is obtained for VF1 = {1} and VF2 = {2, 3}. CVF, 1 = 1 andCVF, 2 = 1,
giving Ceff, max= 0.707. For VF1 = {1}, VF2 = {2} and VF3 = {3}, Ceff = 0.550.
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Example 2(a) and (b) (see Fig. 28)

Fig. 28 Illustration for Example 2(a) and (b)

In this example, the object held is no longer prismatic but roughly resembles an ellipse. For
case (a), the highest value forCeff is again obtained for VF1 = {1} and VF2 = {2, 3} (here
Ceff, max= 0.612). However, in case (b), the highest value forCeff is obtained for VF1 = {1},
VF2 = {2}, and VF3 = {3} (Ceff, max= 0.550). (Note that  is the angle measured with
respect to the vertical line to which the force direction at contact point 1 is anti-parallel.)

5.6.2  Side Opposition Only

Side opposition involves two fingers – the thumb and the index finger. Contact points that
are part of the same finger (i.e., intradigital contact points) are automatically grouped
together. This means that either one or two virtual fingers exist in this type of grasp configu-
ration. The kth “composite” finger comprisingl (l = 2 or 3) intradigital contact points is
denoted by . The mixing rule employed for the “composite” finger is

This rule makes it more difficult for “composite” fingers to be grouped together as virtual
fingers. The steps for determining the number of virtual fingers and their constituents pro-
ceed as for the previous examples. An example of how the mixing rule is used is shown in
Fig. 29.

Fig. 29 Illustration for mixing rule application
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5.6.3  Hand Configuration Notation

A shorthand notation for the configuration of the hand, say, VF1 = {1}, VF2 = {2, 3, 4} is
{(1)(234)}. This notation will be used in the remainder of this thesis.

5.6.4  General Mixing Rule for “Composite” Fingers

The virtual finger membership index between two “composite” fingers i and j is given by the
expression

The expression on the right is easily seen to be commutative in “composite” fingers i and j.
This mixing rule has a simple physical interpretation: Each contact point on one “compos-
ite” finger is only matched to its nearest equivalent (in terms of force vector) and not to all
other points in the other “composite” finger. For each contact point of finger i, the largest
membership index with finger j is found and then multiplied together; the other term is
determined by interchanging these fingers.

We see that this expression reduces to the equation in section 5.6.2 whenli = 1. If the two
“composite” fingers are fully compatible, i.e.,li = lj = l (say) and  for p, q =
1, ...,l, then , as to be expected.

5.7  Experiments and Results

5.7.1  Analysis of Grasps by Human Subjects

Experiments Involving Precision Grasps

Several experiments were conducted to illustrate the use of the mathematical framework for
both precision and power grasps. Since force is not measured for these simple experiments,
a strong assumption is made here: The force exerted at each finger is the same. This means
that the sum of the forces at the contact points of each each finger is equal. So, if there are
two contact points at the thumb, then the force at each thumb contact is equal to 1.5 times
the force at each contact point on the other fingers. Also, note that only the contact points of
the fingers and/or palm with the grasped object are considered in the analysis. Contact
points of the finger on the hand itself are not taken into consideration; e.g., thumb contact

mi 1 ... li, ,{ }→ j 1 ... lj, ,{ }→, =

1
2 max mi p→ j q→,

p 1 ... li, ,{ }∈q 1=

lj

∏ max mi p→ j q→,
q 1 ... lj, ,{ }∈p 1=

li

∏+ 
 

mi p→ j q→, 1=
mi 1 ... li, ,{ }→ j 1 ... lj, ,{ }→, 1=



49

with the index finger in the “coal-hammer” grasp are disregarded. In practice, these
“invalid” contact points can be determined by analyzing the hand configuration.

In the tables of results, the numbers 0 and 1 refer to the palm and thumb respectively, while
the numbers 2, 3, 4, and 5 refer to the other four fingers in order (2 being the index finger
and 5 being the little finger). Table 4 shows the results of the experiments described in Table
3 for a subject. Ceff,max is the maximum grasp cohesive index while Ceff,2 is the second
largest grasp cohesive index found for the hand configuration. Experiments 3, 4, and 5 (with

a.a andb are the semi-major and semi-minor axis lengths respectively.

Table 3  Description of experiments involving precision grasps

Expt. # Description

1 Four fingers and thumb on flat rectangular object (3.0 cm x 16.0 cm)

2 Three fingers and thumb on flat rectangular object (3.0 cm x 16.0 cm)

3 Two fingers and thumb on flat small circular object (diameter = 2.4 cm)

4 Four fingers and thumb on flat circular object (diameter = 5.8 cm)

5 Three fingers and thumb on flat circular object (diameter = 5.8 cm)

6 Three fingers and thumb on flat small right triangle (sides 5.2 cm, 6.7 cm , and 8.4 cm)

7 Four fingers and thumb on flat right triangle (sides 10.0 cm, 8.8 cm, and 13.3 cm)

8 Three or four fingers and thumb on flat elliptical object (a = 3.4cm,b = 2.0cm)a

9 Three or four fingers and thumb on flat elliptical object (a = 4.0cm,b = 2.0cm)

Table 4  Results of experiments involving precision grasps

Expt. # Ceff,max Configmax Ceff,2 Config2

1 0.707 {(1)(2345)} 0.550 {(1)(2)(345)}

2 0.707 {(1)(234)} 0.550 {(1)(2)(34)}

3 0.550 {(1)(2)(3)} 0.528 {(1)(23)}

4 0.538 {(1)(2345)} 0.514 {(1)(234)(5)}

5 0.578 {(1)(234)} 0.518 {(1)(23)(4)}

6 0.561 {(1)(234)} 0.550 {(1)(23)(4)}

7 0.595 {(1)(2345)} 0.550 {(1)(2)(345)}

8 0.681 {(1)(234)} 0.545 {(1)(23)(4)}

9 0.680 {(1)(2345)} 0.550 {(1)(234)(5)}
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flat circular objects) are repeated for five other subjects, and their results are shown in Table
5. As Table 5 indicates, the best cohesive indices do not exhibit a strong consistency in val-
ues across different subjects. The optimal hand configuration depends on the manner upon
which the object is grasped. For example, in the tripod grasp, if the object is grasped such
that the index and middle fingers are separated relatively far apart, as were most of the sub-
jects’ hands in the experiments, then they are regarded as separate virtual fingers. If, on the
other hand, these fingers are kept close to one another, then they will be grouped as one vir-
tual finger, as for subject 5 (Table 5).

Table 6 lists the results for Experiments 8 and 9 which involves flat elliptical objects of dif-
ferent eccentricities. In both these experiments, the thumb is considered as one virtual finger
and the other fingers as the other virtual finger. While most subjects used five fingers in han-
dling these objects, several of them used only four fingers.

Table 5  Best cohesive indices for precision grasps on flat circular objects

Expt. # 3 4 5

Subject # Ceff,max Ceff,max Ceff,max

0 0.550 {(1)(2)(3)} 0.538 {(1)(2345)} 0.578 {(1)(234)}

1 0.550 {(1)(2)(3)} 0.498 {(1)(2)(345)} 0.497 {(1)(23)(4)}

2 0.550 {(1)(2)(3)} 0.523 {(1)(2345)} 0.526 {(1)(234)}

3 0.550 {(1)(2)(3)} 0.492 {(1)(2)(345)} 0.512 {(1)(23)(4)}

4 0.550 {(1)(2)(3)} 0.483 {(1)(2)(345)} 0.510 {(1)(23)(4)}

5 0.574 {(1)(23)} 0.498 {(1)(2)(345)} 0.514 {(1)(23)(4)}

Table 6  Best cohesive indices for precision grasps on flat elliptical objects

Expt. # 8 9

Subject # Ceff,max Ceff,max

0 0.681 {(1)(234)} 0.680 {(1)(2345)}

1 0.607 {(1)(2345)} 0.655 {(1)(2345)}

2 0.660 {(1)(2345)} 0.680 {(1)(2345)}

3 0.666 {(1)(2345)} 0.684 {(1)(2345)}

4 0.679 {(1)(234)} 0.658 {(1)(2345)}

5 0.664 {(1)(2345)} 0.687 {(1)(2345)}
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Experiments Involving Power Grasps

Eight experiments were performed to illustrate the use of the mathematical framework in
determining the number and composition of virtual fingers in power grasps. The experi-
ments involved marking the centers of each phalangeal segment and palm, and applying dif-
ferent types of power grasps on rods of different thicknesses and a sphere. Description of the
experiments are listed in Table 7. It is assumed, for simplicity of this analysis, that the effec-
tive forces at each contact point are normal to the object surface.

The “coal-hammer” grasp is a special case of the cylindrical power grasp, and is identified
by the high degree of thumb abduction. We define the type 1 “coal-hammer” grasp to be one
in which the thumb does not touch the held object, while the type 2 “coal-hammer” grasp
refers to one in which the thumb touches the object. The type 2 grasp normally occurs for a
thick object, as in the case of experiment 2 described in Table 7.

6 0.620 {(1)(234)} 0.673 {(1)(234)}

7 0.655 {(1)(234)} 0.680 {(1)(2345)}

8 0.663 {(1)(234)} 0.676 {(1)(234)}

9 0.648 {(1)(2345)} 0.676 {(1)(2345)}

10 0.578 {(1)(2345)} 0.670 {(1)(2345)}

11 0.657 {(1)(234)} 0.645 {(1)(2345)}

Table 7  Description of experiments involving power grasps

Expt. # Description

1 Spherical power grasp. Radius of sphere = 3.26 cm

2 Type 2 cylindrical “coal-hammer” grasp (thick cylinder). Radius of circular cross-sec-
tion = 3.30 cm.

3 Type 1 cylindrical “coal-hammer” grasp (medium-thick cylinder). Radius of circular
cross-section = 1.47 cm. (Note: the thumb does not touch the cylinder)

4 Cylindrical power grasp (medium-thick cylinder). Radius of circular cross-section =
1.47 cm.

5 Type 1 cylindrical “coal-hammer” grasp (thin cylinder). Radius of circular cross-sec-
tion = 0.97 cm. (Note: the thumb does not touch the cylinder).

Table 6  Best cohesive indices for precision grasps on flat elliptical objects

Expt. # 8 9

Subject # Ceff,max Ceff,max
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It is interesting to note from Table 8 that, despite the differences in cylinder thickness, the
maximum grasp indices for the power grasps in experiments 2, 4 and 6 do not differ very
much from one another. It is also interesting to note that the grasp cohesive index remains
about the same despite changes in the cross-sectional shapes, as evidenced in the results of
Experiments 7 and 8. The corresponding values for the “coal-hammer” grasps for experi-
ments 3 and 5 do not seem to be significantly different from each other.

a.a andb are the semi-major and semi-minor axis lengths respectively.

6 Cylindrical power grasp (thin cylinder). Radius of circular cross-section = 0.97 cm.

7 Cylindrical power grasp (elliptical cross-section witha = 3.3cm,b = 1.9cm)a

8 Cylindrical power grasp (elliptical cross-section witha = 4.1cm,b = 1.9cm)

Table 8  Results of experiments involving precision grasps

Expt. # Ceff,max Configmax Ceff,2 Config2

1 0.407 {(0)(1)(2345)} 0.318 {(0)(1234)(5)}

2 0.542 {(0)(1)(2345)} 0.270 {(0)(12345)}

3 0.666 {(0)(2345)} 0.544 {(02345)}

4 0.531 {(0)(1)(2345)} 0.337 {(0)(12345)}

5 0.650 {(0)(2345)} 0.528 {(0)(34)(25)}

6 0.522 {(0)(1)(2345)} 0.351 {(0)(12345)}

7 0.538 {(0)(1)(2345)} 0.427 {(0)(12345)}

8 0.537 {(0)(1)(2345)} 0.415 {(0)(12345)}

Table 9  Best cohesive indices for power grasps (including Type 2 “coal-hammer”
grasps) on cylinders of different thicknesses

Subject #
Ceff,max

(thick cylinder)
Ceff,max

(medium cylinder)
Ceff,max

(thin cylinder)

0 0.542 0.531 0.522

1 0.534 0.531 0.526

2 0.543 0.534 0.505

3 0.541 0.533 0.535

Table 7  Description of experiments involving power grasps

Expt. # Description
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Table 9 shows the best grasp cohesive index for the power grasps on cylinders of different
thickness. Note that the type 2 “coal-hammer” grasp is virtually unidentifiable as a special
case of the power grasp on the basis of the grasp cohesive index alone. This is due to the
thumb touching the object. The virtual configuration and composition for all these grasps
and for all the different subjects is the same, namely, {(0)(1)(2345)}. The average value is
0.528, with the standard deviation of 0.017 (3.2% of the average value).

4 0.536 0.531 0.529

5 0.543 0.538 0.528

6 0.542 0.524 0.522

7 0.544 0.535 0.453

8 0.543 0.534 0.532

9 0.544 0.511 0.515

10 0.537 0.535 0.513

11 0.545 0.516 0.497

Table 10  Best cohesive indices for Type 1 “coal-hammer” grasps on cylinders of
different thicknesses

Subject # Ceff,max (medium cylinder) Ceff,max (thin cylinder)

0 0.666 0.650

1 0.681 0.665

2 0.676 0.661

3 0.677 0.640

4 0.672 0.672

5 0.680 0.645

6 0.681 0.661

7 0.678 0.657

8 0.659 0.683

9 0.671 0.683

Table 9  Best cohesive indices for power grasps (including Type 2 “coal-hammer”
grasps) on cylinders of different thicknesses

Subject #
Ceff,max

(thick cylinder)
Ceff,max

(medium cylinder)
Ceff,max

(thin cylinder)
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Table 10 lists the results for the type 1 “coal-hammer” grasps on two cylinders of differing
thicknesses. Again the best effective cohesive index is relatively independent of the thick-
ness of the cylinder grasped and the person holding the object. The mean best grasp cohe-
sive index is 0.666 with the standard deviation of 0.016 (2.4% of the average index). The
configuration associated with all the indices is {(0)(2345)}.

The virtual finger configuration and composition for all the subjects is {(0)(1)(2345)}. The
mean grasp cohesive index is 0.536 and the standard deviation is 3.8x10-3, which is about
0.7% of the mean. (Note:a and b in Table 11 are the semi-major and semi-minor axis
lengths respectively.) The mean grasp cohesive index for these grasp experiments is virtu-
ally the same as that for grasp experiments involving cylinders of circular cross-sections.
This further strengthens our claim that the grasp cohesive index can be used to identify pris-
matic power grasps, regardless of the cross-sectional shape of the object held. The similarity

10 0.683 0.676

11 0.646 0.627

Table 11  Best cohesive indices for power grasps on cylinders with elliptical cross-
section of different eccentricities

Subject # Ceff,max (a=3.3cm;b=1.9cm) Ceff,max (a=4.1cm;b=1.9cm)

0 0.538 0.537

1 0.538 0.538

2 0.537 0.540

3 0.535 0.543

4 0.535 0.535

5 0.536 0.536

6 0.539 0.540

7 0.537 0.538

8 0.534 0.524

9 0.538 0.538

10 0.539 0.534

11 0.537 0.528

Table 10  Best cohesive indices for Type 1 “coal-hammer” grasps on cylinders of
different thicknesses

Subject # Ceff,max (medium cylinder) Ceff,max (thin cylinder)



55

in the grasp cohesive indices can be attributed to the proximity of the four fingers to each
other and the high similarity in the finger configuration in this type of power grasp.

Similar experiments were conducted using a sphere. The results for the spherical power
grasps are shown in Table 12. The mean best grasp cohesive index is 0.409 with the standard
deviation of 0.051 (12.5% of the mean). As can be seen, the best grasp cohesive indices dif-
fer markedly from person to person, and even then, the configuration associated with the
best cohesive index is different for subjects 1, 3, 4, and 6. For the others, the configuration is
{(0)(1)(2345)}. Note that for subject 1, the last or little finger barely touched the ball and
hence was not considered in the analysis, and the configuration is {(0)(1)(234)} instead.
These results are based on the assumption that the force exerted by each finger is the same.
If the force data were available and that the thumb exerted a higher force than other fingers
(a possible scenario), then the optimal configuration {(0)(1)(2345)} may have been more
consistent for all subjects. This prediction has yet to be tested.

The reason for the higher disparity in the grasp cohesive index in spherical grasps than in
cylindrical grasps is that in cylindrical grasps, the fingers (excluding the thumb) are nor-
mally kept very close together. The relative inter-phalange arrangements in the cylindrical
grasps are consistent, despite the differing sizes of the cylinders handled. The amount of fin-
ger flexion (due to the different cylinder sizes) has little effect on the grasp cohesive index.
For spherical grasps, however, relative inter-phalange arrangements do differ markedly

Table 12  Best effective cohesive indices for spherical power grasps

Subject # Ceff,max Ceff,2

0 0.407 {(0)(1)(2345)} 0.318 {(0)(1234)(5)}

1 0.400 {(0)(1)(234)} 0.329 {(0)(123)(4)}

2 0.375 {(0)(1)(2345)} 0.294 {(0)(1234)(5)}

3 0.343 {(0)(123)(45)} 0.329 {(0)(1)(2345)}

4 0.361 {(0)(1234)(5)} 0.310 {(0)(1)(2345)}

5 0.447 {(0)(1)(2345)} 0.364 {(0)(1234)(5)}

6 0.326 {(0)(123)(45)} 0.311{(0)(1234)(5)}

7 0.444 {(0)(1)(2345)} 0.353 {(0)(1234)(5)}

8 0.493 {(0)(1)(2345)} 0.449 {(0)(12345)}

9 0.488 {(0)(1)(2345)} 0.349 {(0)(12345)}

10 0.393 {(0)(1)(2345)} 0.366 {(0)(1234)(5)}

11 0.426 {(0)(1)(2345)} 0.312 {(0)(1234)(5)}
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from subject to subject, causing the higher range of grasp cohesive indices observed. It is
interesting to note that the grasp cohesive indices for the spherical grasps are all lower than
those for the cylindrical grasps. This is to be expected, because in a spherical grasp, the
amount of force interaction between fingers is higher than that in a prismatic power grasp.
The higher force interaction is, in turn, attributed to the more widely separated fingers in a
spherical grasp and the significant curvature of the sphere.

5.7.2  Procedure for Grasp Recognition

From this study, a grasp can be identified from the following general steps:

1. Compute the real finger to virtual finger mapping which yields the virtual finger composi-
tions and the grasp cohesive index.

2. If the palm surface is not involved in the grasp, classify it as a non-volar grasp.

3. Otherwise, by checking the grasp cohesive index and, if necessary, the degree of thumb
abduction, classify it either as a spherical, cylindrical or coal-hammer (type 1 or type 2)
power grasp.

Fig. 30 Recognition of major type of grasp

A grasp can be classified as a volar grasp or non-volar grasp according to whether there is
volar-object interaction or not (Fig. 30). If it is a non-volar grasp, further classification can
be done by checking if only the fingertips are involved in the grasp, and the contact points’
closeness of fit to a circle or rectangle. This is illustrated in Fig. 31. Unless the grasp is a lat-
eral pinch (in which case the grasp is a power grasp), the grasp is classified as a precision
grasp.

Contact Web

Is the
palm involved
in the grasp?

Map real fingers
to virtual fingers

Grasp is Non-Volar
Grasp(Fig. 31)

Grasp is Volar
Grasp(Fig. 32)

Yes No
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Fig. 31 Discrimination graph for non-volar grasps

Fig. 32 Discrimination graph for power grasps

The volar grasp discrimination procedure in step 3 is graphically depicted in Fig. 32. (Note
that all volar grasps are power grasps.) The first level of classification is performed using the
following discrimination function:

Non-Volar Grasp

Fingertip Grasp Composite Non-Volar Grasp

Classify according to N0(PH)
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where  is the mean value of the grasp cohesive index for theith power grasp category and
 is the associated standard deviation. The power grasp category is identified by the largest

value of the discrimination function. Should the cylindrical and type 2 “coal-hammer”
grasps need to be discriminated, we would then determine the degree of thumb abduction.
The type 2 “coal-hammer” grasp is associated with a high degree of thumb abduction. We
use the thumb in a standard position (fully extended and in the plane of the palm) as a refer-
ence line in determining the degree of thumb abduction. We consider deviations greater than
45o to be significant enough to be categorized as a type 2 “coal-hammer” grasp.

Note that the object shape has not been directly taken into consideration here; the local
object shape (i.e., part of the object within the compass of the hand) has been implicitly
taken care of by the contact web.

5.7.3  Grasp Recognition from Range and Intensity Images

Three range and intensity image sequences of finger movements leading to different power
grasps were taken and then analyzed using the grasp recognition scheme described earlier.
In each sequence, the fingers are tracked to the final grasp configuration before the grasp is
identified. However, prior to this, the hand model needs to be initialized. This is done using
a separate program.

Hand Model Initialization

Each finger segment is modeled by a cylinder. The purpose of the hand model initialization
is to determine the finger segment cross-sectional radius and length, and the relative posi-
tions of the fingers. The assumed hand posture is with the fingers fully extended, and such
that the plane of the palm is approximately perpendicular to the camera viewing direction.
These fingers are taken to be the reference positions, and abduction angles are measured rel-
ative to these positions.

In addition, to facilitate the measurement of finger segment lengths, dark lines were drawn
across the finger at the distal and proximal interphalangeal joints (except for the thumb,
where a line was drawn across it at the interphalangeal joint). The proximal finger segment
length is calculated from empirical anthropometric studies of human finger segment length
ratios [3].

The steps involved in hand model initialization are:

µi
σi
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1. Thresholding and hand boundary extraction

The image is first thresholded by assigning background values to intensity pixels whose
corresponding range values are inadmissible and assigning foreground values if they are
admissible. Small regions are eliminated, leaving the hand in the resulting binary image.
Subsequently, the hand boundary is extracted using a simple 8-connected boundary fol-
lowing algorithm.

2. Curvature analysis of hand boundary

Using the convention that a convex portion of a body has negative curvature, the tips of
the fingers are located at points where curvature minima are observed. Similarly, the five
grooves between fingers are located at positions of curvature maxima.

3. Identification of finger regions

The finger regions are identified by noting that if the fingers are cyclically ordered anti-
clockwise, the thumb is farthest away from the fingers immediately preceding and fol-
lowing it.

4. Location of interphalangeal joints and calculation of finger segment lengths

The position of the interphalangeal joints are approximated by using the Hough transform
to locate dark lines. The finger segment lengths are then calculated from the distances
between joints or between fingertips and the nearest joints.

5. Determination of best fit cylinders

3-D cylinders are fitted to the fingers from the hand range data using an iterative least-
square formulation.

Fig. 33 shows the intensity image of a hand and three snapshots of the hand model initializa-
tion program. Note that this program is run only once for a subject’s hand.
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Fig. 33 Hand model initialization. (a) Intensity image; (b) Identification of fingers; (c) Localization of
finger joints; (d) Cylindrical fitting of fingers.

Finger Tracking

The basic method used in finger tracking is local search of the minimum sum of two types of
matching errors: error in range data fitting, and error in matching the hypothesized finger 2-
D projection to the actual finger position in the image. The following assumptions made are:

1. The hand does not move; only the fingers move (via flexion, extension, abduction and
adduction).

2. The first frame features a hand with fingers fully or nearly fully extended.

3. There is no significant interphalangeal occlusion.

Grasp Recognition Results

Three range and intensity images were recorded and analyzed.

Example 1 (Fig. 34 and Fig. 35)

Four of the eight frames for this grasp sequence is shown in Fig. 34.
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Fig. 34 Finger tracking sequence for Example 1. (a) Frame 1; (b) Frame 3; (c) Frame 6; (d) Frame 8

Fig. 35 Recognition results for a spherical power grasp. (a) Range image of last frame of sequence; (b)
Range image of hand and object; (c) Alternate view of tracked fingers with object; (d)
Classification of grasp

The grasp cohesive index for this example is 0.356, with the following virtual finger compo-
sitions: VF1 = {0}, VF2 = {1}, and VF3 = {2, 3, 4, 5}. This grasp is classified as a spherical
power grasp (Fig. 35).

Example 2 (Fig. 36 and Fig. 37)

Part of the frame sequence for this example is shown in Fig. 36.
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Fig. 36 Finger tracking sequence for Example 2. (a) Frame 1; (b) Frame 3; (c) Frame 6; (d) Frame 8

Fig. 37 Recognition results for a cylindrical power grasp. (a) Range image of last frame of sequence; (b)
Range image of hand and object; (c) Alternate view of tracked fingers with object; (d)
Classification of grasp

The grasp cohesive index for the second example is 0.508, with the following virtual finger
compositions: VF1 = {0}, VF2 = {1}, and VF3 = {2, 3, 4, 5}. From the grasp cohesive
index, this grasp can either be a cylindrical power or type 2 “coal-hammer” grasp. Since the
angle of the thumb subtends only 23o with the standard (original) thumb posture, it is classi-
fied as a cylindrical power grasp.

Example 3 (Fig. 38 and Fig. 39)

Fig. 38 shows four frames of the grasp sequence for Example 3.
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Fig. 38 Finger tracking sequence for Example 3. (a) Frame 1; (b) Frame 3; (c) Frame 6; (d) Frame 8

Fig. 39 Recognition results for a type 2 “coal-hammer” grasp. (a) Range image of last frame of
sequence; (b) Range image of hand and object; (c) Alternate view of tracked fingers with object;
(d) Classification of grasp

The grasp cohesive index for this example is 0.527, with the following virtual finger compo-
sitions: VF1 = {0}, VF2 = {1}, and VF3 = {2, 3, 4, 5}. As with example 2, just from the
grasp cohesive index alone, this grasp could be either a cylindrical power or a type 2 “coal-
hammer” power grasp. From the high degree of thumb abduction (subtending 77o with the
original thumb configuration), it is thus classified as a type 2 “coal-hammer” grasp.
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The experiments and their results described in sections 5.7.1 and 5.7.3 indicate that it is pos-
sible to categorize grasps by using the contact web and real finger-to-virtual finger mapping.
This mapping is instrumental in characterizing the type of grasp demonstrated in the scene.

5.8  Abstraction Hierarchy of a Grasp

With the preceding definitions, we now describe the proposed grasp abstraction hierarchy
shown in Fig. 40. In this hierarchy, the grasp is described using a hierarchy of hand elements
of increasing conceptual complexity. Each element is an entity containing, at its appropriate
level, a vector of internal states. The hand elements can be finger segments and joints, phys-
ical fingers and palm, virtual fingers, or opposition spaces. The finger segments and joints
are the lowest-level elements which describe the low-level hand configuration. The finger
segment description includes its approximate 3-D shape and pose, its contact point with the
object (if there is contact) and the force vector at that contact point. The joint element con-
tains the degree of flexion as well as the abduction angle, if applicable. Each element is
“active” if all or part of it is directly in contact with the object, and “inactive” otherwise. The
elements described here are implemented using frames.

Fig. 40 Abstraction hierarchy of a grasp

This hierarchical scheme is not unlike that described in [56]; the virtual fingers correspond
to the “opposition space level” while the real finger and segment agents correspond to the
“biomechanical level.” The proposed abstraction hierarchy will be used in the task-sensitive
matching of real human fingers to manipulator fingers.

The abstraction hierarchy is influenced in part by the analogy to the three proposed catego-
ries of human behavior: skill-based, rule-based, and knowledge-based performance [127].
The types of information associated with these behavior are signals, signs, and symbols,
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respectively. Skill-based behavior is at the lowest level, with acts taking place without con-
scious control as smooth, automated and highly integrated patterns of behavior. Rule-based
behavior comprises a sequence of actions controlled by stored rules; knowledge-based
behavior constitutes action based on high-level knowledge and goals. Signals, signs, and
symbols are the names given to the form of information used and interpreted at these respec-
tive levels. For the grasp abstraction hierarchy, the segment and real finger elements corre-
spond to the signals, the virtual finger and opposition space elements the signs, and the grasp
the symbols (Fig. 40). Humans relate most comfortably with symbols; signals in the form of
raw data are least likely to be useful to the human, especially if the human is not an expert.
The abstraction hierarchy provides a mechanism for the operator to judge the efficacy of the
recognition process and act accordingly (if intervention is deemed necessary) based on this
hierarchy.

5.8.1  Examples of Grasp Abstraction Hierarchies

We illustrate the hierarchical description of grasps with the following three examples: a
cylindrical power grasp1, a type 2 coal-hammer grasp2, and a precision tripod grasp. (In Fig.
41, Fig. 43, and Fig. 45, A0 represent the palm while Aij  represent thejth segment of theith
finger. In Fig. 42, Fig. 44, and Fig. 46, theith virtual finger is indicated by VFi and theith
real finger by Fi.)

Example 1: Cylindrical Power Grasp

A cylindrical power grasp is characterized by flexion in unison of the four fingers and a low
degree of thumb abduction (Fig. 41). The hierarchical description of this grasp is shown in
Fig. 42. The virtual finger compositions are determined by employing the real finger-to-vir-
tual finger mapping described earlier. The primary type of opposition in this grasp is palm
opposition between VF0 (palm) and VF2 (four fingers). While there is little force interaction
between the thumb and the palm, there is some between the thumb and the four fingers.
Other information such as the internal state vector of each segment and real finger agents are
not shown here.

1. In this grasp, the object is held within the compass of the hand with all the fingers and palm being
in contact with the object. The thumb is adducted, i.e., placed on the cylinder in such a manner that
the thumb is almost parallel to the axis of the cylindrical object held.
2. A coal-hammer grasp is similar to the cylindrical power grasp, except that the thumb is signifi-
cantly abducted, i.e., placed at an angle to the cylindrical object axis. This lends more power to the
grasp at the expense of dexterity. A Type 1 coal-hammer grasp arises when the thumb does not make
contact directly with the object; it rests on the dorsal aspects of the index and/or middle finger. In a
Type 2 coal-hammer grasp, however, the thumb touches the held object. Whether a coal-hammer
grasp is Type 1 or Type 2 depends on the relative spans of the hand and the object.
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Fig. 41 Cylindrical power grasp

Fig. 42 Hierarchical decomposition of the cylindrical power grasp

Example 2: Type 2 “Coal-hammer” Grasp

The difference between the normal cylindrical power grasp and the type 2 “coal-hammer”
grasp is the high degree of thumb abduction in the latter. The grasp and its decomposition
are depicted in Fig. 43 and Fig. 44 respectively. Due to the posture of the thumb which rein-
forces the grip on the object at the expense of dexterity, there exists a strong interaction
between the thumb and the palm, as well as between the thumb and the four fingers.

Fig. 43 Type 2 “coal-hammer” cylindrical power grasp
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Fig. 44 Hierarchical decomposition of the Type 2 “coal-hammer” cylindrical power grasp

Example 3: Tripod Precision Grasp

In this precision grasp, only the tips of the thumb, index finger and middle finger are in con-
tact with the object. The grasp and its decomposition are shown in Fig. 45 and Fig. 46
respectively. Note that in this example, the index and long fingers are assumed to be spaced
far apart enough so as to be classified as different virtual fingers.

Fig. 45 Precision tripod grasp

Fig. 46 Hierarchical decomposition of the precision tripod grasp
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5.8.2  Implementation

We track the configuration (joint angles) and pose (position and orientation) of the hand
using theCyberGlove [33] and Polhemus [1] devices respectively. The software which reads
in and interprets the hand configuration and pose are mostly written in C (some of which are
adapted from the VirtualHand v1.0 software supplied by Virtual Technologies), while that
which provides the object representation and its relationship with the hand is written in
Common Lisp. The geometric modeler used in our work is Vantage [8]. In addition, the
frames created to represent the grasp hierarchy are done using Knowledge Craft [76].
Knowledge Craft is a toolkit for knowledge engineers and AI system builders, and it uses a
frame-based knowledge representation language called CRL (Carnegie Representation Lan-
guange) with procedural attachment and inheritance.

5.8.3  Results of Experiments

Fig. 47 Two examples of grasping: (a) a power grasp, (b) a precision grasp. The small boxes indicate the
positions of the middle of finger segments, fingertips, and the center of the palm.

Two experiments, one involving a power grasp and another involving a precision grasp,
have been conducted to further illustrate the grasp abstraction hierarchy. The final poses of
the grasps are depicted in Fig. 47. In each case, the small squares which represent the con-
tact points of the hand compose the contact web. The poses and configurations of the hand

(a) (b)

contact web



69

were obtained using theCyberGlove and Polhemus devices. In both cases, the cylinder was
created using the geometric modeler Vantage. The measurements of the cylinder is based on
an actual cylindrical object. The positional and orientation data of the object were extracted
to determine the relative distances of the hand contact points to the object, as well as the
contact normals.

In the first experiment which involves a power grasp (Fig. 47(a)), the grasp recognition pro-
gram has correctly identified it as a Type 2 ‘Coal-hammer’ cylindrical grasp. Note that the
identification is based on the contact normal and configuration of the hand only. The output
of this program is as follows:

---------------------------------------------------------
Effective cohesive index = 0.535347
Virtual finger #1 = VF0 = { Palm }; Cohesive index = 1.0
Virtual finger #2 = VF1 = { 0 }; Cohesive index = 1.0
Virtual finger #3 = VF2 = { 1 2 3 4 }; Cohesive index = 0.921
---------------------------------------------------------
Contact code is 111111
Grasp is a power grasp.
Gauss values = 0.910846, 0.000000, 0.046480 (see text for explanation)
Thumb abduction angle = 32.0 degs
Grasp is TYPE 2 ‘COAL-HAMMER’ CYLINDRICAL GRASP.
Number of virtual fingers = 3
Number of opposition spaces = 3
Virtual fingers involved in opposition spaces:
opp0: VF0, VF1; Opposition strength = 0.700
opp1: VF0, VF2; Opposition strength = 0.826
opp2: VF1, VF2; Opposition strength = 0.980

The effective cohesive index and virtual finger composition were determined using the pro-
cedure described earlier. The contact code shows that all the fingers and the palm are active,
i.e., in direct contact with the object of interest. The “Gauss values” given above are the
extent of similarity to the power cylindrical grasp/Type 2 coal-hammer grasp1, the Type 1
coal-hammer grasp2, and the spherical grasp, respectively.

The schemata representing the power grasp are shown below. Note that the joint angles are
expressed in degrees while the positional information is in cm. The opposition space schema
is denoted asOPP.

1. The power cylindrical grasp is differentiated from the Type 2 coal-hammer grasp by the degree of
thumb abduction. The former is characterized by negligible thumb abduction (thumb is adducted)
while the latter features significant thumb abduction (> 20 degrees).
2. In the Type 1 coal-hammer grasp, the thumb is placed over the dorsal side of the index and/or mid-
dle fingers, and does not directly make contact with the object.
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{{ HAND
MEMBER-OF: WRIST+HAND
HAS-MEMBER: FINGER4 FINGER3 FINGER2 FINGER1 FINGER0
 OPP2 OPP1 OPP0 VF2 VF1 VF0 VOLAR FINGER
GRASP: “TYPE 2 ‘COAL-HAMMER’ CYLINDRICAL GRASP”
EFFECTIVE-COHESIVE-INDEX: 0.535
ACTIVE: T}}
{{ VOLAR
MEMBER-OF: HAND
CONTACT-LOCATION: (5.80 -1.51 -6.37) ; in cm.
HALF-THICKNESS: 1.3
ACTIVE: T}}

The virtual finger and opposition schemata are listed below. The slotSPAN of the virtual fin-
ger schema indicates the number of fingers (including the palm) in the virtual finger. The
value in theSTRENGTH slot of the opposition schema indicates the degree to which the two
virtual fingers opposes each other. The opposition strength of unity would indicate that the
two virtual fingers are exerting forces directly against each other. Section 5.9 shows how the
opposition strength is calculated. The opposition schemata listed below indicate that the
opposition between the virtual finger comprising the thumb and the virtual finger compris-
ing the other four fingers are the most significant. This is reasonable as the cylinder held has
a large cross-sectional diameter of about 7 cm.

We list only the finger, joint, and segment schemata for the index finger (FINGER1).

{{ WRIST+HAND
HAS-MEMBER: WRIST HAND
N-FRAMES: 1
ACTIVE: T}}

{{ WRIST
MEMBER-OF: WRIST+HAND
PITCH: -34.2 ; in degrees
YAW: 16.48}}

{{ VF0
MEMBER-OF: OPP1

OPP0 HAND
HAS-MEMBER: VOLAR
COHESIVE-INDEX: 1.0
SPAN: 1}}

{{ VF2
MEMBER-OF: OPP2 OPP1 HAND
HAS-MEMBER: FINGER4
FINGER3 FINGER2 FINGER1
COHESIVE-INDEX: 0.921
SPAN: 4}}

{{ VF1
MEMBER-OF: OPP2

OPP0 HAND
HAS-MEMBER: FINGER0
COHESIVE-INDEX: 1.0
SPAN: 1}}

{{ OPP0
MEMBER-OF: HAND
HAS-MEMBER: VF1 VF0
TYPE: “Palm opposition”
STRENGTH: 0.700}}

{{ OPP2
MEMBER-OF: HAND
HAS-MEMBER: VF2 VF1

TYPE: “Finger opposition”
STRENGTH: 0.980}}

{{ OPP1
MEMBER-OF: HAND
HAS-MEMBER: VF2 VF0
TYPE: “Palm opposition”
STRENGTH: 0.826}}
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Schema for finger 1:
{{ FINGER1
INSTANCE: FINGER
MEMBER-OF: VF2 HAND
HAS-MEMBER: FINGER1-J3 FINGER1-J2 FINGER1-J1 FINGER1-J0
 FINGER1-S3 FINGER1-S2 FINGER1-S1 FINGER1-S0
RADIUS: 0.81 ; determined from a hand model initialization program described earlier
ABDUCT-ANGLE: 0.3
ACTIVE: T}}
Joint schemata for finger 1:

Segment schemata for finger 1:

The output of the recognition program in the next experiment (which involves a precision
grasp shown in Fig. 47(b)) is:

---------------------------------------------------------
Effective cohesive index = 0.568797
Virtual finger #1 = VF0 = { 0 }; Cohesive index = 1.0
Virtual finger #2 = VF1 = { 1 2 3 4 }; Cohesive index = 0.647
---------------------------------------------------------
Contact code is 111110
Grasp is a precision grasp.
N_0 = 5; N_1 = 5

{{ FINGER1-J0
MEMBER-OF: FINGER1
FLEX-ANGLE: 22.3
LOCATION: (3.17 -1.92 -10.11)}}

{{ FINGER1-J1
MEMBER-OF: FINGER1
FLEX-ANGLE: 42.6
LOCATION: (-0.91 -2.73 -10.73)}}

{{ FINGER1-J2
MEMBER-OF: FINGER1
FLEX-ANGLE: 11.0
LOCATION: (-3.10 -1.66 -10.20)}}

{{ FINGER1-J3 ; the fingertip
MEMBER-OF: FINGER1
LOCATION: (-4.66 -0.50 -9.60)}}

{{ FINGER1-S0
MEMBER-OF: FINGER1
CONTACT-LOCATION: (1.13 -2.32 -10.42)
ACTIVE: T}}

{{ FINGER1-S1
MEMBER-OF: FINGER1
CONTACT-LOCATION: (-2.00 -2.19 -10.46)
ACTIVE: T}}

{{ FINGER1-S2
MEMBER-OF: FINGER1
CONTACT-LOCATION: (-3.88 -1.08 -9.90)
ACTIVE: T}}

{{ FINGER1-S3 ; the fingertip
MEMBER-OF: FINGER1
CONTACT-LOCATION: (-4.66 -0.50 -9.60)
ACTIVE: T}}
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Grasp is Fingertip Grasp.
Grasp is FIVE-FINGERED GRASP.
Number of virtual fingers = 2
Number of opposition spaces = 1
Virtual fingers involved in opposition spaces:
opp0: VF0, VF1; Opposition strength = 1.000

The contact code indicates that all the fingers are active and the palm is inactive.N_0 refers
to the total number of active fingers whileN_1 refers to the total number of active segments.
A precision grasp is classified as afingertip grasp if N_0 = N_1 or acomposite non-volar
grasp if N_0 < N_1. The schemata produced are similar to those shown for the first experi-
ment, except of course for the values of their slots.

5.9  Determining Strength of Opposition between Two Virtual Fingers

Let the two virtual fingers and their real finger compositions be VF1 = {a1, ...,am} and VF2
= {b1, ...,bn} respectively. The strength of opposition between VF1 and VF2 is defined to be

denote thepth segment of theith finger;fi andfj are two effective normal forces act-
ing on the grasped object due to finger segmentsi andj. The strength of opposition is at its
highest at unity when the two fingers are exerting forces directly against each other.

5.10  Summary of Chapter

A framework for recognizing a grasp has been described in this chapter. A 3-D structure
comprising a network of effective contact points of the hand with the grasped object is pro-
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posed as a tool for grasp analysis. We call this 3-D structure thecontact web. It enables the
grasp to be classified in a more continuous manner. In addition, by employing a particular
real finger to virtual finger mapping, the grasp can be described in higher level conceptual
terms such as virtual finger composition and opposition space. Another important conse-
quence of this mapping is an index called thegrasp cohesive index, which can be used to
identify the grasp.

The grasp is actually one of the three identifiable phases in a grasping task. The other two
phases are the pregrasp and manipulation phases. The following chapter covers the task
analysis, apart from human grasp identication and subsequent to temporal task segmenta-
tion.
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Chapter 6

Task Recognition Module: Task Analysis

The chapter describes the analyses that can be performed on the observed data of the human
task execution. These analyses are subsequent to temporal task segmentation (Chapter 4)
and in addition to human grasp recognition (Chapter 5); they are object motion extraction
and detection of repetitive motion, such as turning a screw into a threaded hole.

6.1  Organization of Chapter

This chapter begins by listing the primary sources of errors in the observed data – these are
the reasons why additional processing is required to compensate for their effects. We have
implemented two versions of the observation system. The first version comprises the light-
stripe rangefinder,CyberGlove, and Polhemus device, while the second comprises the
multibaseline stereo system,CyberGlove, and Polhemus device. The data processing and
task analysis of object motion tracking associated with both versions are described and con-
trasted. The task analysis of repetitive motion detection, which is dependent only onCyber-
Glove and Polhemus data, is subsequently described.

6.2  Task Analysis - Sources of Errors

After the task breakpoints have been identified, we can then proceed to identify the grasp
(Chapter 5) and extract object motion during the manipulation phase. However, these two
processes are complicated by, among others, errors in the Polhemus readings which cause
the raw data of the hand position and configuration to be unreliable. The sources of the
errors are:
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1. Distortion of magnetic field by nearby ferromagnetic material. This effect is significant
because the Polhemus device uses ac magnetic field technology to determine the relative
pose of the sensor to the source.

2. Inaccuracies in localization of the Polhemus device in the range image during
rangefinder-to-Polhemus frame transform calibration. The inaccuracies are in part
attributed to the model built in the geometric modeler not exactly corresponding to the
actual shape and specified stepsize and resolution of the fitting algorithm.

3. Inaccuracies in the modeling of the hand.

4. Misalignment of the Polhemus sensor relative to the hand. This happens as the sensor is
not rigidly fixed to the glove.

5. Misalignment of the Polhemus source relative to the table, since it is not very rigidly
affixed to it.

6. Inaccuracies in the range data.

Since a task can be broken down into its constituent subtasks, we can then analyze each sub-
task individually. The subtask analysis involves grasp identification and object motion
extraction; we first illustrate this analysis with experiments involving 1-tasks1. The 1-tasks
were first recorded using Version 1 of the observation system.

6.3  1-task Analysis Using Version 1 of Data Acquisition System

Analyzing subtasks is equivalent to analyzing 1-tasks, since each 1-task contains a subtask;
there is no loss in generality in illustrating the analysis using 1-tasks. Each subtask can be
characterized in terms of the grasp used and object motion during the manipulation phase.
The grasp can be identified from contact information between the hand and object at the
grasp frame identified by the task segmentation algorithm. This is done by mapping the low-
level contact information such as the contact position and normal into increasingly abstract
entities such as functionally equivalent groups of fingers and the degree of interaction
between these groups (Chapter 5). The method to determine the object motion is described
in section 6.3.2.

1-task recording was initially done using the first version of the data acquisition system
(comprising the light-stripe rangefinder,CyberGlove, and Polhemus device).

6.3.1  Task Segmentation, Grasp Identification and Manipulative Motion Extraction
for 1-tasks

A major problem in identifying the grasp is the imperfect positional information obtained
from a real data acquisition system such as ours. In addition, the exact moment of grasping
cannot be pinpointed due to the discrete sampling of the hand location and configuration. As

1. A 1-task involves only one object manipulation phase.
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a result, we have to resort to extra preprocessing to accommodate such data imperfections,
specifically adjusting the orientation of the hand at the grasp frame.

The processes of segmenting the task and determining the grasp and manipulative (i.e.,
object) motions are done using a three-pass approach. The first pass establishes the motion
breakpoints while the second pass involves adjusting the pose of the hand and subsequently
determining the grasp employed in the 1-task. Finally, the effect of the reorientation of the
hand is propagated throughout the 1-task sequence and the object motion is then extracted
using the approach delineated in the following subsection. The details of the three-pass
approach are as follow:

Pass 1:

1. Estimate pose of object from the before-task range image.

The initial gross position (but not the orientation) of the object of interest is determined
by subtracting the 3-D elevation map of the scene after the task from that before the task.
The 3DTM1 program is then used to localize the object. Two refinements were made: (a)
use three orthogonal initial poses and pick the final estimated pose with the least RMS fit
error; and (b) use coarse-to-fine stepsizes.

2. Calculate the motion profiles (speed, fingertip polygon area, and volume sweep rate).

3. Determine the motion breakpoints from the motion profiles as described earlier.

Pass 2:

1. From known motion breakpoints (determined in Pass 1), calculate the object motion
associated with the manipulation phase (which is bordered by the grasp and ungrasp
transitions).

2. At the grasp frame, determine the grasp employed.

Due to the errors in the Polhemus andCyberGlove readings, the oriented hand may inter-
sect the object. The hand is reoriented (subject to the fixed position of the Polhemus sen-
sor) until: no interpenetration between the hand and object occurs; and the weighted sum
of distances between the hand contact points and the object is minimized.

The determination of the “optimal” hand pose is done with direct search with rotational
increments of 1.15o and limited to a maximum of 60o rotation about discretely sampled
axes (80 directions sampled on a once-tesselated icosahedron). (An increment of 1.15o

would produce at most an error of about 2 mm at a point 10 cm away from the rotation
center.)

1. Short for 3-D template matching [153]. See Appendix A for a brief description of this 3-D object
localization program.
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The object is stored as a collection of oriented surface points (position and normal infor-
mation associated with each point) whose spacing is typically between 4.0-7.5 mm. This
spacing of the object depends on the object size - it is increased for a larger object size.
The nearest distance of each hand contact point to the object is then estimated using this
oriented point representation.

Once the “optimal” pose of the hand and the object-contact information have been
extracted, the grasp is then recognized using the classification scheme described in Chap-
ter 5.

Pass 3:

1. Propagate adjustment in both distal and proximal motions throughout the task due to
hand reorientation in Pass 2.

2. The gross after-the-task pose of the object is determined by successively applying the dis-
tal transformations in the frames composing the manipulation phase to the original
object position (i.e., prior to the task). This after-the-task pose is refined using the 3DTM
program.

6.3.2  Determining Object Motion during Manipulation Phase

Fig. 48 Total and proximal motions from frame k to k+1 during manipulation phase

It may be useful to determine theproximal motion (which corresponds to the motion of the
arm and wrist) anddistal motion (which corresponds to motions of the fingers, otherwise
referred to as “precision handling” [81]). Thetotal motion, which is the overall effect of
both the proximal and distal motions, directly yields the object motion. Meanwhile, the
proximal and distal motions yield information on which component of the hand/arm motion
is contributing to the object motion.
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We can determine the object motion transformations (i.e., the total motion) in the manipula-
tion phase once we have identified the task motion breakpoints. Suppose thekth frame has
been identified as the grasp frame and thelth frame the ungrasp frame in the task sequence
of N frames. The desired object change in pose at frames betweenk andl (i.e., during the
manipulation phase) can be be determined (Fig. 49) from (5):

where  is the total transform associated with the motion of both the fingers and hand at
thekth frame.

Fig. 49 Determining the differential motion between two frames in the manipulation phase

Fig. 50 Determining pose of object throughout task sequence of N frames

Based on (5), we can then calculate the object pose transformations at each frame within the
manipulation phase as shown in Fig. 50. The pose of the object at the end of the manipula-
tion phase is most likely not very accurate, due to measurement inaccuracies. This pose is
refined using a least-squares distance error minimization technique [153].
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6.3.3  Results of Applying 3-pass Algorithm

We have applied the 3-pass algorithm on several real 1-tasks to determine the motion break-
points, identify the grasp employed, and recover the object motion. Two of these are
described here. The first 1-task involves picking up a cylinder from one location and placing
it on a different location. The results of the first pass are shown in Fig. 51 and Fig. 52. (Note
that in Fig. 52, P refers to the pregrasp phase, g the grasp phase, and M the manipulation
phase.) The pose of the object prior to the performance of the 1-task has been estimated
from the range image. As shown in Fig. 52, the motion breakpoints (grasp and ungrasp
points) as well as the pregrasp, manipulation, and depart phases have all been located.

Fig. 51 Initial pose of the cylinder (1-task #1)

Fig. 52 Motion profiles and the identified motion breakpoints (1-task #1)
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It is interesting to note the profiles of the average joint flexion angles for each finger and all
the fingers (Fig. 53(a)) for this 1-task. As expected, there was very little change in the aver-
age flexion angles during the manipulation phase, during which the cylinder was grasped
with a power cylindrical grasp. It is also interesting to note that profile of the reciprocal of
the average joint angles for all the fingers (Fig. 53(b)) is very similar to that of the fingertip
polygon area. This suggests that this may be another metric that can be used in the task seg-
mentation scheme.

Fig. 53 Average flexion angle profiles (1-task #1): (a) each and all fingers; (b) comparing the scaled
inverse average angle to the fingertip polygon area.
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Fig. 54 Reorienting the grasp in Pass 2: (a) initial pose of the hand relative to the object; (b) final pose of
hand relative to cylinder

Once the hand was reoriented (Fig. 54), the grasp was then correctly identified as a type 2
‘coal-hammer’ cylindrical grasp1 using the grasp classification scheme described in Chapter
5. By propagating the extracted object motion during the manipulation phase, the object
pose was then estimated (Fig. 55(a)). The pose is subsequently refined (Fig. 55(b)).

Fig. 55 Pose of the cylinder after the task subsequent to Pass 3: (a) pose obtained by successively
applying total motion transformations in the manipulation phase; (b) refined pose using the
3DTM program [153].

The second 1-task considered is picking up a stick and inserting it through a hole in a castle-
shaped object. The two objects involved in this 1-task and the superimposed model of the
stick are shown in Fig. 56. Fig. 57 depicts the extracted motion breakpoints and phases of
this task.

Fig. 56 Initial pose of the stick (1-task #2)

As in 1-task #1, the shape of the reciprocal of the average angle profile closely resembles
that of the fingertip polygon area (Fig. 58(b)). However, because the stick was held in a pre-
cision grasp and the object motion was a combination of translational and rotational
motions, there were changes in the average finger joint angles during the manipulation
phase (as evidenced in Fig. 58(a)).

1. A ‘coal-hammer’ cylindrical grasp is one in which the thumb is highly abducted (i.e., significantly
deviated from the plane of the palm). This ‘coal-hammer’ cylindrical grasp is of type 2 because the
thumb touches the object. See Chapter 5 for more details.

(a) (b)

(a) (b)
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Fig. 57 Motion profiles and the identified motion breakpoints (1-task #2)
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Fig. 58 Average flexion angle profiles (1-task #2): (a) each and all fingers; (b) comparing the scaled
inverse average angle to the fingertip polygon area.

Fig. 59 Reorienting the grasp in Pass 2: (a) initial pose of the hand relative to the object; (b) final pose of
hand relative to stick

Fig. 59 shows the pose of the hand relative to the stick at the grasp frame before and after
reorientation. The grasp was identified as a precision grasp. However, because the middle
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segments of the four fingers are within the tolerance range of the object (which is set at 1.0
cm), the grasp is classified as a composite nonvolar grasp (Chapter 5), specifically a pris-
matic pinch grasp. The grasp that was actually employed in the task is a five-fingered pris-
matic precision grasp; it can be seen from this result that the while the general grasp
classification is correct, the specific category is sensitive to orientation and position errors.

Fig. 60 Pose of the stick after the task subsequent to Pass 3: (a) pose obtained by successively applying
total motion transformations in the manipulation phase; (b) refined pose using the 3DTM
program [153].

Fig. 60(a) shows the estimated object pose at the end of the task from extracted total motion,
while Fig. 60(b) shows the refined final object pose.

6.4  Other Possible Input Modalities

The variations in the fingertip polygon area during manipulation are due to both the finger-
tips rolling on the object surface and noisy data. For example, in 1-task #2 (Fig. 57), there is
appreciable rolling of fingers on the object surface when rotating the stick, causing the vari-
ation of the fingertip polygon area during manipulation. In 1-task #1 (Fig. 52), the variation
is probably mostly due to noisy data (though it is difficult to keep the fingers still during
direct object translation).

As mentioned in section 6.2, the Polhemus 3-D tracker, which uses an ac current emitter, is
susceptible to interference due to nearby ferromagnetic material. The interference effect is
rather significant in our setup, contributing to the errors. The most simplistic way to reduce
this is to clear the workspace of nearby metallic material; apart from that, one can use the
Ascension Bird 3-D tracker. This tracker uses a dc emitter and minimizes the effect of con-
ductive metals, though, it is still affected by ferromagnetic material [107].

If the CyberGlove had tactile sensing, the location of the contact points would very likely be
easier to calculate, but the error in hand pose would still have to be accounted for. The pres-
ence of tactile sensors would definitely help in the temporal task segmentation; the break-
points would correspond to the sudden changes in the outputs of the tactile sensors during
the execution of the task.

Error minimization may be achieved using dense range data – we have developed an active
4-camera multibaseline stereo system capable of video rate intensity image acquisition [74]
for this purpose. Using this stereo system would enable us to extract depth data at every

(a) (b)
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frame, instead of just those just prior to and just after the execution of the task as reported in
this paper. Results have shown that the average errors in fitting planes and cylinders to the
stereo depth data are less than 1 mm at distances of 1.5-3.5 m away from the camera setup.

6.5  Task Analysis Using Version 2 of Data Acquisition System

The second version of the observation system includes a multibaseline stereo system that is
able to capture images rapidly. When interlaced with data sampling of theCyberGlove and
Polhemus device, the overall rate is about 4.5-5 Hz. As a result, we are able to record tasks
with more than just one object manipulation in a single sequence. This is in contrast to the
first version of the observation system that is able to capture task sequences that contain
only one object manipulation. As a result of available depth data at each frame during the
task sequence, the object can be tracked more reliably than just usingCyberGlove and Pol-
hemus data.

Since there may be more than one object manipulation in the task sequence, additional pro-
cessing has to be performed to identify which object has been manipulated at each manipu-
lation phase.

6.5.1  Identifying the Grasped Object

The objects in the scene are first manually localized by the user using an interface that fea-
tures both 2-D images and 3-D scene points as shown in Fig. 61. Once this is done, the pro-
gram automatically finetunes the localization of the object poses (the results of which are
shown in Fig. 61).

Fig. 61 Object model fitting: (a) Superimposed object models (cylinder and box) in a scene, and (b) 3-D
views of the scene

(a) (b)



86

In a given task which involves more than one object manipulation and a scene with more
than one object, we have to somehow identify the object that is being grasped during each
manipulation phase. One direct way would be to preprogram the list of objects that are
manipulated in the task. The more automatic solution, which is used here, is to infer from
range data the identity of the object being grasped and manipulated during each subtask.
The approach is a simple one, and is based on the proximity of the fingertip polygon cen-
troid of the human hand to the objects in the scene during the grasp phase. The smallest dis-
tance of each object to the fingertip polygon centroid is first calculated. The object whose
closest distance is minimum is deemed to be the grasped object. Object motion during the
subsequent manipulation phase affects only the identified object.

6.5.2  Tracking 3-D Object

Once each object has been identified as the object being moved in each manipulation phase,
we can then proceed to track the object at each manipulation phase. It may not be possible
all the time to track the object using just the 3DTM algorithm (pose refinement program) at
the next frame just based on the object pose at the present frame. This is because significant
displacements may have occurred between frames, and since the 3DTM algorithm is basi-
cally a local one, the wrong pose may be extracted.

UsingCyberGlove and Polhemus Data as First Approximation

Because we require reasonable starting poses as input to the 3DTM program, we use the
recordedCyberGlove and Polhemus data as an approximation. The 3-D object tracking
scheme (for one object manipulation for clarity) is depicted in Fig. 62. Contrast this scheme
to that shown in Fig. 50.

Fig. 62 Determining pose of object throughout task sequence of N frames
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At each frame during each manipulation phase, the gross location of the 3-D object is given
by the Polhemus data. The object pose is subsequently refined using the 3DTM program. An
example of object tracking is shown in Fig. 63. The task involved picking and placing a cyl-
inder followed by picking a box and placing it on top of the cylinder. Prior to this, these two
manipulation phases have been detected by the temporal task segmentation routine (the
results of which are shown in Fig. 18 in Chapter 4).

Fig. 63 3-D object tracking example

Direct tracking in this manner works if there is little or no object occlusion. Additional pro-
cessing has to be added to tackle the problem of significant occlusion between objects.

Handling Significant Occlusion Between Known Objects

While the 3DTM program is robust to some degree of object occlusion, significant occlu-
sion may occur in the course of the task performance, as can be seen in Fig. 65. In this
example, the task is to pick and insert a peg into a receptacle. In cases such as this, the pro-
gram fails. The following steps were employed to deal with this problem:

Object manipulation #1

Object manipulation #2
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1. Masking out range pixels corresponding to stationary objects of known poses

This is done to minimize interference in object localization. An example result of this
operation is shown in Fig. 64, in which the receptacle is “blanked out” while the pose of
the peg is being localized.

Fig. 64 Resulting of masking the stationary object and fitting the moved object

2. Detecting and avoiding object collision

Despite the masking operation, nearby range data may still interfere with the pose local-
ization. In addition, we want to be certain that the object being moved does not collide
with any stationary objects in the scene, to avoid problems with actual robot execution.

We use a simple collision detection and avoidance scheme to both aid in localization and
to ensure that objects do not interpenetrate at any time during task execution. Each object
is represented by surface points of a predetermined spacing (of about 2.5 mm apart). Cor-
ners and edges are definitely sampled. Associated with each surface points is the object
normal at that point. The normal at an edge or a corner is calculated to be the mean of the
normals at adjacent faces. With these information, we can determine to a reasonably good
approximation, if collision occurs, and where.

The object collision avoidance algorithm is as follows: When the object being moved
(“non-stationary object”) and a stationary object interpenetrates at some area, the points
at these areas “pushes” non-stationary object away in the direction of the normals at the
affected points of the stationary object. The repelling motion is the net twist acting on the
centroid of the non-stationary object. The repelling motion formulation is similar to that
in the adjustment phase (item 2) for power grasp generation described in Section 7.7.3.
Unlike the adjustment phase, there are no attractive forces between objects.

The object collision detection and avoidance scheme has been incorporated into the itera-
tive pose localization of 3DTM. A result is shown in Fig. 65.
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Fig. 65 Result of detecting and avoiding object collision in pose localization: (a) Using just 3DTM
without collision detection; (b) 3DTM with collision detection. Note that in both cases,
stationary object masking was performed.

6.5.3  Repositioning Hand for Grasp Recognition

As with the first version of the observation system, the pose of the hand is not exact due to
inaccuracies of the Polhemus data. The manner in which hand adjustment is made prior to
grasp identication is the same as described in section 6.3.1 (Pass 2, item 2). A result of hand
adjustment for the task involving pick-and-place of a cylinder and box is shown in Fig. 66.

Fig. 66 Hand adjustment example: (a) Before, and (b) after adjustment.

6.6  Comparison Between Two Versions

As can be seen, the kind and amount of processing required to generate task description is
extremely dependent on the available sensors in the observation system. For the first version
of the observation system that comprises the light-stripe rangefinder,CyberGlove, and Pol-
hemus device, there is a limitation of one object manipulation per task sequence. In addi-
tion, object motion is directly extracted from theCyberGlove (through the hand model) and
Polhemus device. This is subject to both errors in the hand model as well as the Polhemus
device.

On the other hand, for the second version of the observation system that comprises the
active multibaseline stereo system,CyberGlove, and Polhemus device, there is no limit to
the number of object manipulations within the task sequence. The restriction is only due to
the local iWarp memory of about 500 MBytes, which restricts each sequence to about 500

(a) (b)

(a) (b)
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frames. Because stereo range data are also available at each frame, object motion can be
more reliably extracted from this stream of perceptual data.

Another useful task analysis that can be performed is the detection of repetitive motion in
the task sequence. It is usual for assembly tasks to include screw or bolt fastening operations
– these are repetitive motions that are manifested as regular patterns in the human hand
motion profiles. Examples of these can be seen in Fig. 16 and Fig. 17 in Chapter 4. Detec-
tion and localization of such activities is made possible by using local Fourier, or spectro-
gram, analysis.

6.7  Detection and Localization of Repetitive Motion using Spectrogram

The spectrogram of a signal is a space/frequency representation which comprises a series of
small-support, Fourier transforms of the signal, each centered around a different point of the
signal [77]. For a 1-D signal, this space/frequency representation is 2-D. It reveals the fre-
quency content of the signal within the vicinity of each different point. By determining the
frequency content locally at each point, we can localize the signal having a particular maxi-
mum instantaneous frequency.

It is obvious from the nature of the spectrogram of its utility in detecting and localizing
repetitive motion within the manipulation phase. The motion that is most frequently associ-
ated with repetitive motion is the screwing motion. We detect the repetitive motion by ana-
lyzing the spectrogram of the fingertip polygon area profile throughout the task, with the
following conditions:

1. Ignore low frequencies.

The dc component as well as the first non-zero frequency component are ignored.

2. Consider only parts of the spectrogram that are associated with manipulation phases.

3. Find the highest frequency peak at each point within a manipulation phase.

This peak has to be higher than a calculated minimum magnitude determined to the aver-
age magnitude of the entire spectrum at that point. In addition, this peak has to be associ-
ated with a frequency higher than a determined minimum frequency. This minimum
frequency is calculated based on the assumption that there has to be at least three spatial
peaks within the manipulation phase for the establishment of a repetitive action.

If the duration of the manipulation phase (within which the point lies) in the task isM
frames, then the minimum frequency is

Fmin

Pmin

M
=
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wherePmin is the minimum number of peaks within a manipulation phase (3 in our case).

Fig. 67 Spectrogram of a 1-task involving screw-turning actions: (a) top view (b) oblique view. The
marks on the spectrogram indicate significant frequency peaks

Fig. 67 and Fig. 68 show the spectrogram of two different tasks which involve screw-turn-
ing actions. The width of the spectrogram window is 19 frames; the duration of each frame
is about 0.5 sec. and the maximum frequency detected in the spectrogram is about 1 Hz. As
can be seen, the detected peaks cluttered along a line do indicate the existence of such repet-
itive movements. In spectrograms of other tasks which do not involve repetitive actions, no
prominent peaks were detected, as to be expected.

(a) (b)
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Fig. 68 Spectrogram of a 4-task involving a manipulation phase with screw-turning actions: (a) top view
(b) oblique view. The marks on the spectrogram indicate significant frequency peaks

Fig. 69 Spectrograms of 3 tasks with no repetitive actions.

(a) (b)
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6.8  Summary of Chapter

This chapter describes the types of analyses that can be performed on the perceptual data
input to characterize the observed task. In addition to task segmentation and grasp recogni-
tion detailed in previous chapters, the operations that can be done are extracting object
motion and detecting repetitive motion.

The processing involved for the two versions of the observation system are shown and con-
trasted. It is apparent that the second version provides a richer set of perceptual data in com-
parison to that of the first, since the second version records (indirectly) the depth
information of the scene at every frame during human task execution, in addition to the
CyberGlove and Polhemus data. This results in more reliable object motion extraction, and
eliminates the limit to the number of object manipulations per task sequence (subject to
memory constraints).

Another important operation that can be performed to characterize the task is the detection
of repetitive motion, such as the action of turning a screw into a threaded hole. This is
accomplished by using spectrogram, i.e., local Fourier, analysis on the hand motion profiles
during the manipulation phases.

Finally, it may be useful to characterize the manipulation phase in terms oftotal motion (due
to both finger and hand motions),distal motion (due to just finger motion) andproximal
motion (due to just hand motion). While the total motion directly yields the object motion,
the proximal and distal motions yield information on which component of the hand/arm
motion is contributing to the object motion. This chapter indicates how these motion trans-
formations can be determined.
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Chapter 7

Task Translator and Robot System

Once the observed perceptual stream of data has been analyzed and the human actions char-
acterized, this derived information can then be automatically translated into equivalent robot
actions. This chapter shows how human grasp description can be used to map the human
grasp to that of the manipulator. We are interested in using human cues as hints in planning
manipulator grasps and paths.

7.1  Organization of Chapter

This chapter starts with a brief discussion on grasp planning issues. The general approach of
planning manipulator grasps from human grasp description is delineated next. Grasp plan-
ning depends on the type of grasp used – both approaches of planning power grasps and fin-
gertip precision grasps are given in this chapter. Example grasp mappings are shown. The
robot system used as the testbed for proof of concept is also described here.

A major component in task planning is planning the manipulator grasp. In the following sec-
tion, we briefly discuss some of the issues involved in grasp planning and reiterate the justi-
fication for our approach.

7.2  Grasp Planning

Grasp planning involves determining the hand placement relative to the object of interest as
well as the posture of the hand assumed in grasping the object, both in a manner consistent
to the requirements of the task. It is computationally intensive due to both the large search
space and the incorporation of geometric and task-oriented constraints. Globally optimal
grasp planning using comprehensive or exhausive search is not feasible, especially with a
high number of joints of the robot arm and hand.

Approaches to grasp planning can be categorized as geometric and mechanical [121]. The
geometric approach considers only the spatial aspects of the objects and arm/hand system,
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while the mechanical approach incorporates the arm/hand kinematics, system dynamics, and
their task-related constraints.

The search space for the geometrical approach is multidimensional; for a hand withnh con-
figuration parameters, the dimension of this search space is (6+nh), 6 being attributed to the
pose of the hand. For a relatively simple manipulator such as the parallel-jaw gripper, the
number of potential grasps for a polyhedral object withnf faces isO(nf

2). This complexity is
compounded by the need to determine the precise location of the contact points or areas
among the theoretically infinite number of potential ones for each potential grasp (assuming
that the potential grasp is determined to be geometrically feasible). Much of work on grasp
synthesis tend to use examples featuring grippers with a small DOF or planar objects. An
excellent survey on grasp planning can be found in Pertin-Troccaz’s paper [121].

The search space for an optimal grasp can be reduced in size or dimensionality by using cer-
tain heuristics or structural constraints. For a 2-finger gripper, for example, the surface ele-
ment pair selection can be guided by a series of constraints, such as face parallelism,
permissible face separation, and non-zero overlap between projected faces [157]. By impos-
ing fixed contact locations or fixed types of grasp, Pollard computes a 6D projection of the
15 DOF configuration space for the Salisbury hand [122]. This reduced space represents the
space of wrist poses for geometrically feasible grasps, and is used to search for a globally
optimal grasp. In addition, a popular strategy for reducing the complexity of planning the
dextrous hand grasp is by using a small set of predetermined grasps or grasping behaviors
(e.g., [18], [42] and [126]).

In our approach of robot programming by human demonstration, grasp planning is made
more tractable by using cues extracted from human execution of the grasp. Subsequent to
temporal segmentation of the recorded task, the human grasp is recognized and the approxi-
mate grasp contact locations recovered. This is followed by determining the initial approxi-
mate grasp which satisfies kinematic and geometric constraints, and subsequently
performing local optimization of the grasp using the approximate grasp as the starting con-
dition as well as a task-oriented objective function. Our grasp mapping approach is
described in detail in the following sections.

7.3  Mapping Grasps

7.3.1  General Approach

Planning the manipulator grasp based upon the observed human grasp comprises the follow-
ing steps:
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1. Local functional mapping

This is done by observing the type of grasp used by the human, and the functions and
grouping of the palm and individual fingers. The latter is determined using the real finger-
to-virtual finger mapping described in Chapter 5. The mapping of the manipulator end-
effector to the virtual fingers is dependent on the effective cohesive index and the cohe-
sive indices of the individual virtual fingers.

2. Adjustable or gross physical mapping

This operation is carried out using the outcome of the local functional mapping and the
initial location of the manipulator (near the pose of the human hand while carrying out
the task). It results in an approximate form of the manipulator grasp of the object which is
geometrically feasible.

3. Fine-tuning or local adjustment of grasp

The grasp determined from steps 1 and 2 may not exhibit static stability or that it may not
be locally optimal (according to a chosen task-related criterion). By analyzing the crite-
rion and iteratively perturbing the initial grasp configuration, we arrive at a locally opti-
mal grasp. In the case of the power grasp which involve high kinematic constraint, this
step is skipped.

Step 1 corresponds to grasp planning at thefunctional level whereas steps 2 and 3 corre-
spond to grasp planning at thephysical level.

In order to provide both a means for locally adjusting the grasp and for checking the appro-
priateness of the resulting manipulator grasp, we make use of certain grasp analytic mea-
sures.

7.3.2  Analytic Measures of a Grasp

Cutkosky and Howe [30] summarizes a number of analytic measures that have been used by
various researchers in their analyses of grasps, several of which are for the purpose of grasp
synthesis. We can group these grasp analytic measures into different categories according to
both the depth of knowledge of the grasp and hand mechanism, and the type of analysis
(Fig. 70). These analytic grasp measures are instrumental in determining the manipulator
grasp.
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Fig. 70 Categories of analytic grasp measures

The overall strategy of mapping grasps is depicted in Fig. 71. The human grasp can be
described in a hierarchical fashion. Witha priori knowledge of the human hand and data
derived from observation, certain analytic grasp measures can be extracted (such as connec-
tivity and mobility). Armed with these information, together witha priori kinematic, struc-
tural and geometric knowledge of the manipulator, the grasp translator would then attempt
to produce a manipulator grasp with compatible analytic grasp measures. In this thesis work,
the manipulability measure is used as the criterion used in generating the locally optimal
manipulator grasp.

Fig. 71 Grasp mapping strategy

The functions of the hierarchical description of the human grasp are:

Analytic Grasp Measures

Degree-of-freedom Measures
connectivity
mobility

Static Measures
force closure
form closure
internal forces
resistance to slipping
manipulability
grasp isotropy

Structural and Servo Parameter Measures
compliance
stability

Increasing depth
of knowledge
required of grasp
and hand mechanism

Manipulator graspHuman grasp

Hierarchical
description
of grasp

observation

knowledge
of human
hand

Analytic
grasp
measures

Grasp
Translator

Hierarchical
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a priori
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1. Local functional mapping; and

2. Gross physical mapping.

The functions of the analytic grasp measures are:

1. Verification of appropriateness of gross physical mapping; and

2. Local fine-tuning or perturbation of grasp to a locally optimal posture.

7.4  Local Functional Mapping

This first step in mapping grasps is common to all types of grasps, i.e., power and precision
grasps. The local functional mapping associates the manipulator fingers to those of the hand,
and is generally different for different grasps. To guide the local functional mapping, we first
assign manipulator fingers as either a primary finger, secondary finger, or a palm.

7.4.1  Assigning Manipulator Fingers

Prior to mapping the manipulator fingers to those of the human in the observed grasp, the
manipulator finger has to be assigned as one of the groups of fingers:

• Primary finger/s

A finger in this group would correspond to the human thumb, which has at least the same
number of degrees of freedom than the other fingers. It serves not only to secure the hold
of the object against the palm and/or other fingers, but also manipulate object.

• Secondary finger/s

This group would correspond to the fingers of the hand other than the thumb. This group
of fingers would serve to secure the hold of the object against the palm and/or primary
finger/s.

A special case of a “finger” which is also assigned is the palm; it is passive with no local
degree of freedom (i.e., discounting the global 6 DOF of the manipulator).

Manipulators are designed with specific functions or level of dexterity in handling objects.
The repertoire of grasping abililties may be as limited and simple as just clamping the object
between its jaws as a means of securing a hold on it (as in the parallel-jaw gripper). The
manipulator may be anthropomorphic to some degree and be able to mimic certain grasps of
the human hand; examples of such hands are the Utah/MIT hand [61], Salisbury hand [101],
Okada hand [116], Minnesota hand [86], and the Southampton hand [28]. It is usually sim-
ple to labela priori each of the manipulator fingers as either a primary or secondary finger.
It is also conceivable that the fingers can also be classified by comparing the similarity in
shape and orientation of the velocity or manipulability ellipsoids of the fingers with the hand
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assuming a certain pose (for example, at “mid-posture,” with all the finger joint angles mid-
way between the joint limits), as can be seen in Fig. 72. We chose to specify the type of fin-
gera priori.

Fig. 72 Side views of velocity ellipsoids for the Utah/MIT fingers (top) and Salisbury fingers (bottom)

Once the primary and secondary fingers have been identified, the hand-to-manipulator fin-
ger mapping can proceed with the aid of another type of mapping. This mapping relates real
fingers to groups of functionally equivalent fingers calledvirtual fingers. A consequence of
this real finger-to-virtual finger mapping is thecohesive index, which has been explained in
section 5.6.1. In short, the cohesive index is associated with the degree to which the real fin-
gers in a virtual finger act in a similar manner; this is determined by comparing the object
normals at the contact points. A cohesive index of a virtual finger is maximum at unity, and
would indicate that the fingers within that virtual finger act exactly alike.

7.4.2  Using the Cohesive Index to Guide Mapping of Fingers

An indication of how the cohesive index is used to guide the virtual finger mapping between
those of the human hand and the manipulator is illustrated in Fig. 73. (VFn refers to thenth
virtual finger with Cn being its associated cohesive index.) The palms, primary fingers, and
secondary fingers are mapped appropriately as seen in Fig. 73. The cohesive index serves as
a check – the virtual finger corresponding to the group of secondary fingers normally has a
cohesive index less than that of the collection of primary fingers. The virtual finger compo-
sition determined from the real finger-to-virtual finger mapping take precedence, however.

ellipsoid for the “thumb”

superimposed ellipsoids for the “other fingers”
or secondary fingers

or primary finger
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Fig. 73 Mapping grasps according to cohesive indices of virtual fingers

Once the functional finger assignments have been accomplished, the more detailed manipu-
lator grasp planning can then proceed.

7.5  Approach in Generating Grasp and Pregrasp Trajectory

The diagram representing the entire manipulator grasp and trajectory planning approach is
shown in Fig. 74. Prior to the more detailed manipulator grasp planning, the manipulator
assumes a fixed pose and posture relative to the human hand throughout the task execution;
local planning is carried out within the vicinity of this pose and posture. Note that by virtue
of the different form and function of the power and fingertip precision grasps, they are
planned in a different manner elucidated in subsequent sections.

Two-fingered
parallel-jaw gripper

Three-fingered
Salisbury hand

Four-fingered
Utah-MIT hand

VF0 = {0} (palm) C0 = 1.0
C1 = 1.0
C2 < 1.0

VF1 = {1}
VF2 = {2, 3, 4, 5}

VF0’’ = {0} (palm)
VF1’’ = {1}
VF2’’ = {2, 3}

VF0’’’= {0} (palm)
VF1’’’ = {1}
VF2’’’ = {2, 3, 4}

(Decompose VF1 and VF2 this way because C2 < C1)

5-fingered
cylindrical
power grasp

VF0’ = {0} (palm)
VF1’ = {1}
VF2’ = {2}
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Fig. 74 Scheme for generating the manipulator grasp and pregrasp trajectory

Once local planning is done, starting with the pose and posture of the manipulator during the
grasping stage, the pregrasp trajectory is then planned backwards, with the goals of a
smooth and collision-free path. This path would closely follow that assumed by the human
hand trajectory. Before we describe the local grasp planning approaches, we discuss a basic
issue in all grasp and task planning – collision detection.

7.6  Collision Detection

In order to generate the grasps using the manipulator, collision detection between the fingers
and fingers and object is required. To do this, the following was done:

• Object

The object is represented by a collection of moderately dense surface points (with spac-
ing of about 1-3 mm). Associated with each of these points is the object surface normal.
These data are generated by a program which is in the same environment as the geomet-
ric modeler VANTAGE. The object normal is useful in determining the motions taken in
planning the grasp.

• Fingers of manipulator

Each finger is modeled by a conical frustrum with hemispherical caps at each end.

Identify human grasp
Generate grasp hierarchy

Functional finger group assignment for manipulator

Follow approximate hand trajectory

Power grasp Fingertip precision grasp

Gross grasp posture followed
by fine-tuning of grasp posture

Regenerate the pregrasp trajectory

“Reactive”
planning

Local
optimization
using task-
oriented
measure(Section 7.7)

(Section 7.8)
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• Palm of manipulator

The palm is modeled by a collection of convex polyhedra.

Checking for collision between the object and the fingers are done by checking for inclusion
of each of the sampled points in the finger representation. This is similarly done for the
palm. Checking for collision between finger segments are less straightforward: this is done
by the following: To check if finger segment 1 collides with finger segment 2, approximate
segment 1 as a union of spheres whose centers are along the segment spine. For each sphere,
to check for intersection, shrink the sphere to a point, and expand segment 2 by the amount
equal to the sphere radius. This reduces the problem of checking for point inclusion in the
expanded segment representation. The entire procedure is subsequently repeated by switch-
ing segment 1 with segment 2 (i.e., approximating segment 2 as a union of spheres and
checking these spheres for intersection with segment 1). This reduces the probability of
error due to approximation.

Depending on the type of grasp, the approach in manipulator grasp planning differs. In the
subsequent description of such mapping techniques, we concentrate on the most widely
used grasps, namely the power grasp and the fingertip precision grasp.

7.7  Generating the Power Grasp

The primary purpose of the power grasp, in which the hand generally envelops the object, is
to ensure a secure hold of the held object at the expense of dexterity. As such, we are prima-
rily concerned with the manipulator providing complete or high kinematic restraint on the
object. Hence, in the case of the power grasp, we can dispense with the third step of local
grasp adjustment.

7.7.1  General Approach

The approach taken to generate the power or “enveloping” grasp follows that taken in “reac-
tive” planning (similar to that described by Brock and Salisbury [18]). Note that this
approach is taken in generating the grasp, and is not used in the actual execution of the grasp
itself. The approach is characterized with the following phases:
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1. Aligning the dextrous hand with the approach vector assumed by the human hand just
prior to grasping (approach alignment phase).

2. Translating the hand (preserving its orientation) towards the object until the palm
touches the object (approach phase).

3. Adjust the hand to “fit” the object to the palm (adjustment phase).

4. Flex the fingers to envelope the object (wrapping phase).

Central to the alignment motions of the dextrous hand is thepivot point. It is predefined to
be a point on the surface of the palm between the fingers. Its frame is oriented such that its z-
direction points away from the palm and the x-direction points from the thumb (or a primary
finger/s) to the rest of the fingers.

7.7.2  Approach Alignment of Dextrous Hand

In order to minimize the problem of collision with the object during the pregrasp and post
grasp phases, we first align the pivot frame of the dextrous hand to the approach vector
assumed by the human hand just prior to grasping the object. This is known as theapproach
alignment phase. The approach vector is the translation component of the differential trans-
formation∆T, where∆T = Tg Tg-k

-1, where Tg is the transformation of the hand at the grasp
frame and Tg-k is the transformation of the handk frames prior to the grasp frame (k is cho-
sen to be 2).

Once the rotational transformation (about the pivot point) has been determined, the dextrous
hand is rotated in steps, with the intermediate collision detection with the object. If collision
is detected, the dextrous hand is translated or “repulsed” away (preserving its orientation)
from the surface of object that makes contact with the hand. The normals of the surface or
surfaces in question determine the direction of the repulsion vector.

7.7.3  Adjusting Hand and Enveloping Object

Once the desired orientation of the hand is assumed, planning proceeds with the following
behaviors:

1. Pure translation toward the object (approach phase)

The translational motion is dictated by attractive forces by the object on thepivot point
on the dextrous hand. This behavior is active prior to any collision between the object and
the manipulator palm.
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Fig. 75 Determining direction of translation

p is the pivot point on the manipulator palm, andqj is the jth sampled object surface
point. r j is the vector from pointqj to p, i.e.,r j = qj - p.  is the object normal atqj. The
motion at each stage is M:

whereδ is the step size in 3-D space,

ωj is the weighting factor dependent on |r j|; the function used isωj = |r j|
-2.

2. Translation and rotation about the pivot point (adjustment phase)

Once collision between the object and the manipulator palm has been detected, this
behavior becomes active. The motion associated with this behavior is defined by both the
point or points of contact and the entire object. The points of contact determine the
motion which tend to push away the manipulator (repulsive forces) while the entire
object tends to pull the manipulator (via the pivot point) towards the object. This has the
property of trying to align the manipulator relative to the object prior to grasping.

It should be noted that while these behaviors are active, the posture of the manipulator is
that of full extension of the fingers (for parallel jaw gripper, maximally distanced fin-
gers).

Note: The circumflex (^) over the symbol indicates its normalized version.

The rotation about the pivot point is , where
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P is the palm, Qj is the quaternion associated with the rotation due to the jth contact point
and is given by

θj = δ/|r j| andmj = -r j x nj.

3. Flexion of fingers around the object (wrapping phase)

Once the manipulator has been adequately aligned with respect to the object, the manipu-
lator would then proceed to wrap its fingers around it. This is done by flexing succes-
sively distal joints (starting with the most proximal joint) until contact is made between
the associated link and the object.

The assumption taken in this technique is that the dextrous hand, when mapped to the coarse
pregrasp trajectory, moves it to a reasonably near vicinity to the object at an appropriate pos-
ture. This should guarantee that, under the behaviors defined in the “reactive” planning
(which is basically local), the manipulator posture should converge towards the desired
power (enveloping) grasp.

This approach is a simple one, and is relatively independent of the manipulator. This
approach is made possible by the cues given in the human execution of the same task. It
should work, provided that the accuracy of the hand posture and position readings from the
data acquisition system are reasonably accurate.

Fig. 76 Results of mapping a cylindrical power grasp for Utah/MIT hand (top-right) and Salisbury
hand (bottom-right)
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7.8  Generating Fingertip Precision Grasp

7.8.1  General Approach

The approach taken to plan the fingertip precision grasp is different than that for the power
grasp, primarily because this precision grasp does not envelope the object. As with the
power grasp, there are basically two stages:

1. Initial grasp pose and posture determination phase

Let the (N+1) contact points on the object be denotedpc0, pc1, ... pcN. The initial grasp
pose is determined by calculating the pose of the contact frameFc and orienting the pivot
frameFpivot centered at the pivot point on the hand by a certain fixed transformation rel-
ative toFc (Fig. 77).

Fig. 77 Orienting the pivot frame with respect to the contact frame

Subsequently, the pose of the hand is searched at this neighhorhood until a kinematically
feasible grasp is found. The contact frameFc is centered about pointc, defined to be

The orientation ofFc is determined as follow (note that the caret ^ on a vector term indi-
cates its normalized version):
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If the best fit planeΠ to the contact points is , wherer is any point onΠ, and
its unit normal, then

and .

2. Local grasp pose and posture adjustment phase

This is done by locally optimizing a task-oriented criterion with respect to the pose and
posture of the hand. The local adjustment is done at two levels; the two levels are associ-
ated with the optimization with respect to the pose (outer level) and with respect to the
joint angles (inner level). Note that the inner level optimization require iterations only if
redundancy of finger DOFs exists. For the Utah/MIT hand, each finger has a redundant
DOF since there are 4 DOFs per finger with only the 3-D position of each fingertip being
fixed. There is no redundancy of DOF for the three fingers of the Salisbury hand.

Let ∆j = (tj, r j) be the vector representing the hand pose,Θjk be the vector of joint angles
representing the hand posture, andC() be the task-oriented criterion to be optimized.
Then the optimization can be symbolically represented as:

The outer optimization level uses the Nelder-Mead simplex algorithm (see, for example,
[102]), while the inner optimization is accomplished using Yoshikawa’s scheme for opti-
mizing manipulator postures with redundant DOFs [159].

For a given initial hand pose∆j, the locally optimal hand postureΘj, opt is determined
using the following pseudocode:

Repeat until either the joint angle limitations are exceeded or the magnitude of joint
angle change vector  is below a threshold {

since  = 0, the contact points being fixed at each iteration.
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}

whereJ is the hand Jacobian andJ+ is the pseudoinverse of the Jacobian, i.e.,

7.8.2  Estimating Dextrous Hand-object Contact Points

In order to plan the robot fingertip grasp, we need to determine the points of contact between
the robot hand and the object to be grasped. This is done by following these steps:

1. Determine the rough positions of the human hand-object contact points.

Fit these contact points with a planeΠ: . This is done using the observation that
human fingertip grasps result in contact points that approximately lie on a plane.

2. Cull off planes and edges as potential grasping places by imposing the constraint that the
associated object normal should not be too close in direction to .

At each point on edgei (edge point) and point on facej (face point), let the associated
normals be  and  respectively. Then, disregard points on edgei if
and points on facej if . Since we favor faces over edges,θe > θf, with θe
= 75o andθf = 45o.

3. For each virtual finger with more than 1 real finger, fit a line to the human hand contact
points, and space the hypothesized dextrous hand-object contact points equally along this
line.

4. Find the object surface points nearest to the hypothesized dextrous hand-object points;
for each face point, impose a marginβm from the nearest edge (βm = 1.0 cm) if possible;
other wise arrange its position in the center between opposite edges.

Fig. 78 Results of mapping a fingertip precision grasp for Utah/MIT hand (top-right) and Salisbury
hand (bottom-right)
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7.8.3  The Optimization Criterion

The precision grasp may be generated using a variety of task-oriented measures such as the
manipulability measure [159], task compatability index [25], sum of force minimization
[96], measures based on the task ellipsoid [85], among many others. We illustrate the notion
of generating the precision grasp by local perturbation using Chiu’s task compatability index
[25].

Chiu [25] views the manipulator as a mechanical transformer with joint velocity and force
as input and Cartesian velocity and force as output. The velocity and force transmission
characteristics can be represented geometrically as ellipsoids defined as a function of the
manipulator Jacobian. Let the kinematic transformation from joint space to task space be
given by

whereΘ = [θ1, θ2, ...,θn]T andx = [x1, x2, ..., xm]T are the joint and task coordinate vectors
respectively. The Jacobian links the time differentials:

whereJ(Θ) is themxn manipulator Jacobian matrix, whose elements areJi,j = xi/ θj. The
unit sphere in joint space n defined by  is mapped into an ellipsoid inmdefined
by

This ellipsoid is variously called the manipulability ellipsoid [159] and the velocity ellipsoid
[25]. Analogous to the velocity ellipsoid is the force ellipsoid obtained from the relation

wheref is the force vector in task space andτ is the joint torque vector. The set of achievable
force in msubject to the constraint  is the force ellipsoid defined by

The force transmission ratioα and velocity transmission ratioβ along directionu in task
space can be determined to be
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respectively. Chiu defines thecompatibility index as

where the positive exponent ofαi or βj is used for directions in which the magnitude is of
interest, and the negative exponent is used for the directions in which accuracy is of interest.
Thew’s are weighting factors that indicate the relative magnitude or accuracy requirements
in the respective task directions.

In our application, the finer force control directions are chosen to be along the object nor-
mals at the points of contact, while the finer velocity control directions are along the tangent
plane defined by two spanning tangents. This is illustrated in Fig. 79.

Fig. 79 Contact between fingertip and object

Hence we are trying to maximize

with thewi’s set to 1.0 andwj’s to 10.0.

7.9  System Implementation

Robot System

The arm/hand system used to verify the grasp mapping technique is shown in Fig. 80. The
arm used is the PUMA 560 arm while the dextrous hand used is the Utah/MIT hand. Both
the arm and hand is controlled via Chimera, which is a real-time operating system for sen-
sor-based control developed at Carnegie Mellon University [140]. The joint angles of the
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arm and the hand are fed from the grasp simulator (Fig. 81) to the arm/hand system via Chi-
mera.

Grasp Simulator

The grasp simulator was written in C and the interface in XView and PHIGS (Programmer’s
Hierarchical Interactive Graphics System). The robot arm and hand models were created in
this environment; the object collision detection scheme described in section 7.6 is imple-
mented in this grasp simulator as well, for the purpose of robot grasp planning.

The two types of grasp performed by the Utah/MIT hand are shown in Fig. 82.

Fig. 80 PUMA 560 and Utah/MIT hand system

In general, depending on the task to be performed, a library of autonomous functions would
be required. A good example is the task of turning a screw into a threaded hole; the exact
motions used by a human in turning a screw may not be suitable for any specifically given
manipulator. A skill library would be required – such as that described by Hasegawa, Sue-
hiro, and Takase [47] – to execute fine manipulative actions not transferable directly by the
human operator. This is still consistent with our notion of programming by human demon-
stration; the system basically recognizes certain actions and passes that high-level informa-
tion to trigger the relevant skill library (which may include sensing strategies) to execute the
task. The notion of skill library is not addressed in this thesis. Using a functional program-
ming language is also consistent with the skill library; Speeter [139], for example, uses HPL
(Hand Programming Language) for the Utah/MIT hand. In HPL, tasks are specified by a
combination of “motor primitives,” which are hand motion abstractions (e.g., a sequence of
joint angle changes for the operations “close” or “open”). Michelman and Allen [108] pro-
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gram the Utah/MIT hand to perform complex tasks by using sequential combinations of
primitive manipulation functions. They consider only fingertip manipulations. The primitive
manipulations include three translations (pinch, palmar, tranverse) and three rotation (log-
roll, twiddle, pivot) strategies.

Fig. 81 Simulator panel

Fig. 82 Cylindrical power grasp (left) and fingertip precision grasp (right) by the Utah/MIT hand
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7.10  Summary of Chapter

In this chapter, we have described our method of mapping the observed human grasp to that
of the manipulator. The mapping is performed at two consecutive levels – the functional
level and the physical level. In the functional level mapping, functionally equivalent groups
of fingers are mapped. Once this is accomplished, at the physical level of mapping, the loca-
tion and pose of the robot hand is refined to accommodate the different hand geometries in
grasping the object.

While this method may not produce a globally optimal manipulator grasp (by some task-
related measure), it greatly simplifies grasp planning. In addition, it illustrates our philoso-
phy of easing the programming burden to mostly demonstrating the task; it reduces the com-
plexity of programming and planning the task by taking advantage of the cues derived from
observing a human.
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Chapter 8

Robot Programming to Execution Example

In this chapter, we describe a complete cycle that starts from human demonstration of a task
to the system, task analysis of observed data, and finally robot execution of the observed
task. The human demonstration of the task is observed using Version 2 of the observation
system, which allows more than one object manipulation at a time.

8.1  Image Depth Extraction

Depth of the scene at every frame is extracted using the algorithm described in Kang,et al.
[74]. Noise (especially at the object borders) are removed by filtering out outliers. An exam-
ple of extracted stereo data extracted from a scene is shown in Fig. 84(c).

8.2  Segmenting Task Sequence

The task sequence has been identified by the system as a 2-task, namely a task with two
manipulation phases. The result of the temporal task segmentation is shown in Fig. 83. The
task involved picking and placing a receptacle, followed by picking up a peg and inserting it
into the hole of the receptacle.
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Fig. 83 Recovered task breakpoints

8.3  Identifying the Grasped Object

The initial gross positions of the objects were manually determined by the user; the 3DTM
program subsequently refines these poses. The results of object localization are shown in
Fig. 84.
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Fig. 84 Object model fitting: (a) Geometric models of objects (receptacle, at left, and peg, at right), (b)
superimposed object models in a scene, and (c) corresponding 3-D views

8.4  Tracking 3-D Object

By using theCyberGlove and Polhemus data and the results of temporal task segmentation,
the object that is being moved during each manipulation phase can be automatically identi-
fied. The object is subsequently tracked using the approach described in section 6.5.2. The
results of object tracking are shown in Fig. 85.

(b) (c)

(a)



117

Fig. 85 Object tracking results (selected frames shown). Note that significant object motion may occur
between frames, e.g., between frames 29 and 30.

8.5  Human Grasp Recognition

Once the object trajectory has been extracted, the two human grasps (the first with the recep-
tacle and the second with the peg) have to be recognized. Prior to that, however, the hand
poses have to be adjusted to cater for sensor inaccuracies. The results of hand adjustment are
shown in Fig. 86 (first grasp) and Fig. 87 (second grasp).

Fig. 86 Hand pose (a) before, and (b) after adjustment (first grasp)

Object manipulation #1

Object manipulation #2

Frame 10 Frame 13 Frame 16 Frame 18

Frame 25 Frame 29 Frame 30 Frame 35 Frame 38

(a) (b)
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Fig. 87 Hand pose (a) before, and (b) after adjustment (second grasp)

The first grasp (with the receptacle) has been recognized as a “four-fingered disc grasp”:

---------------------------------------------------------
Best effective cohesive index = 0.487751
Virtual finger vf0 = { 0 }; Cohesive index = 1.000000
Virtual finger vf1 = { 1 }; Cohesive index = 1.000000
Virtual finger vf2 = { 2 3 }; Cohesive index = 0.696217
---------------------------------------------------------
Next best effective cohesive index = 0.469647
Virtual finger vf0 = { 0 }; Cohesive index = 1.000000
Virtual finger vf1 = { 3 }; Cohesive index = 1.000000
Virtual finger vf2 = { 1 2 }; Cohesive index = 0.621534
---------------------------------------------------------
Contact code is 011110 (no contact with palm and last finger)
N_active_fingers = 4; N_active_segments = 4

RMS error: prismatic_fit = 0.609335; disc_fit = 0.048098 (cm)
Grasp is FOUR-FINGERED DISC GRASP.

Number of virtual fingers = 3
Number of opposition spaces = 3
Virtual fingers involved in opposition space:
 opp0 : vf0, vf1; Opposition strength = 0.731697
 opp1 : vf0, vf2; Opposition strength = 0.974626
 opp2 : vf1, vf2; Opposition strength = 0.691342

Note that the extracted measurement of the last finger resulted in the analysis that it did not
“touch” the object, when it actually did during the task. This is a problem due to both imper-
fect glove calibration and hand model.

(a) (b)
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The second grasp (with the peg) has been recognized as a “five-fingered prismatic grasp”:

---------------------------------------------------------
Best effective cohesive index = 0.610680
Virtual finger vf0 = { 0 }; Cohesive index = 1.000000
Virtual finger vf1 = { 1 2 3 4 }; Cohesive index = 0.745860
---------------------------------------------------------
Next best effective cohesive index = 0.531293
Virtual finger vf0 = { 0 }; Cohesive index = 1.000000
Virtual finger vf1 = { 4 }; Cohesive index = 1.000000
Virtual finger vf2 = { 1 2 3 }; Cohesive index = 0.899816
---------------------------------------------------------
Contact code is 111110 (no contact with palm)
N_active_fingers = 5; N_active_segments = 5

RMS error: prismatic_fit = 0.688206; disc_fit = 1.644156 (cm)
Grasp is FIVE-FINGERED PRISMATIC GRASP.

Number of virtual fingers = 2
Number of opposition spaces = 1
Virtual fingers involved in opposition space:
 opp0 : vf0, vf1; Opposition strength = 0.902369

8.6  Grasp Mapping

Subsequent to grasp recognition, the human grasps are mapped to manipulator grasps as
shown in Fig. 88 and Fig. 89.

Fig. 88 Result of grasp mapping #1: (a) Human grasp, and (b) Utah/MIT grasp

Fig. 89 Result of grasp mapping #2: (a) Human grasp, and (b) Utah/MIT grasp

(a) (b)

(a) (b)
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8.7  Robot Execution

Once the grasp mapping has been performed, the robot system comprising the PUMA arm
and Utah/MIT hand is used to replicate the task as shown in Fig. 90.

Fig. 90 Different temporal snapshots of task execution by PUMA arm and Utah/MIT hand system
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Chapter 9

Conclusions

This thesis describes a programming-by-demonstration system that is capable of observing
the performance of a task by a human operator, analyzing the stream of observation data,
inferring the task descriptions, and planning the execution of the observed task. This system
is fundamentally designed to relieve the programming load normally associated with hand-
coding by relegating the programming effort to just demonstrating it in front of the system.
An important feature of this system is the manipulator-independence of the task description.
Planning is accomplished not merely at kinematic or joint level, thus allowing flexibility in
using different general-purpose manipulators without the need to repeat task programming.

9.1  Programming-by-demonstration System – A Summary

The programming-by-demonstration system has four basic modules - the observation sys-
tem, the task recognition module, the task translator, and the robot system.

9.1.1  Observation System

The observation or data acquisition system is responsible for acquiring perceptual streams
of data associated with the recorded human execution of the task that is to be replicated.
Two versions of this system have been described. The earlier version comprises aCyber-
Glove that measures human joint angles, a Polhemus device that tracks hand pose, and a
light-stripe rangefinder that produces range data of the scene just prior to and subsequent to
the execution of the task. A major problem with this setup is the inability of the system to
obtain intermediate range data for more reliable object tracking. This is because the light-
stripe rangefinder produces range data once every 10 secs or so.

Because of this limitation, a second setup version was used. This setup uses a multibaseline
stereo system instead of the light-stripe rangefinder. The stereo system is capable of video
rate (30 Hz) image capture; depth recovery, which yields dense range data, can then be
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extracted subsequently. Because image acquisition has to be interlaced withCyberGlove
and Polhemus data capture, the sampling rate drops to about 4.5-5 Hz.

The quality and type of input data plays a crucial role in determining the complexity of pre-
cessing to yield the desired task description. The fundamental problem of trading off hard-
ware solutions to software ones is evident. In the first version of the data acquisition system,
dense range data are available only right before and right after the task execution. Object
motion is inferred directly from measured human hand motion, and as a result, cannot be
expected to be very accurate. A three-pass algorithm is used to accommodate both errors in
hand and object poses at each frame of the task sequence. Since the rangefinder takes about
10 seconds to take a range image and reasonably accurate object localization is required
after every object manipulation, each task is restricted to just one object manipulation.

In contrast to the first version, the second version of the data acquisition system provides a
better wealth of information. This is because the stereo system that replaces the light-stripe
rangefinder is capable of significantly faster rates of capture (about 5 Hz with data sampling
from theCyberGlove and Polhemus device). As a result, object motion can be tracked at
each frame, dispensing with the 3-pass algorithm. In addition, each continuously executed
task is not limited to just a simple object manipulation. However, all this is done at a much
higher computational expense. This additional computation is primarily due to the range
data extraction from stereo images and the recovery of object pose from the range data at
every frame.

Is vision always needed? The work in this thesis requires knowledge of object pose at every
frame in the sequence. Hand posture and pose is given by theCyberGlove and Polhemus
device respectively. All this is required for grasp recognition and for recovery of object
motion trajectory. Vision is used because it appears to be the most apparent and direct
method of extracting object pose, though it is by no means the only way.

9.1.2  Task Recognition Module

Once the preliminary stream of perceptual data associated with the execution of the task has
been collected, it is then analyzed by the task recognition module to yield task descriptions.
It first segments the stream of data into the general phases of pregrasp, grasp, and manipula-
tion phases. The human grasp is then recognized; by analyzing the manipulation phase using
the spectrogram, or spatially local Fourier analysis, repetitive actions such as screw turning
can be detected and localized.

All this information, along with object motion information, is then passed to the task transla-
tor.
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9.1.3  Task Translator

The task translator uses information supplied by the task recognition module to produce the
robot task execution strategy. The task translator also uses the kinematic and geometric
information associated with the robot system for this purpose.

It first plans the manipulator grasp by using human grasp descriptions extracted from obser-
vation. Grasp planning is done at two levels – the functional level, at which groupings of fin-
gers (both human and robot) are linked, and the physical level, at which the manipulator
grasp is planned using both object geometry information and a task-oriented local optimiza-
tion scheme. In the proof-of-concept version, the planned manipulator path basically fol-
lows the trajectory of the human hand during the observed task execution.

9.1.4  Robot System

The system obviously need a physical device to execute the task once the observed task has
been recorded and its associated stream of perceptual data analyzed. The robot system that
is used as a testbed for the demonstrating the concepts developed in this thesis comprises the
PUMA 560 arm and the Utah/MIT hand. Conceptually, this arm and hand may be substi-
tuted by another arm and/or general-purpose robot hand.

A major problem using the current robot system is its very limited effective workspace. This
is mostly due to both the physical setup of the Utah/MIT hand and the hand being close to
the maximum payload of the PUMA arm. As a result of this limited range of motion, several
initial and final frames of the task are usually truncated. In addition, this imposes a restric-
tion to the type of manipulative motion that can be replicated.

9.2  Thesis Contributions

This thesis has shown that a programming-by-demonstration system is implementable. It
has detailed a set of techniques for data acquisition, data analyses to yield task descriptions,
task planning based on these task descriptions, and actual robot execution.

The specific contributions of this thesis are:

1. Development of a robust technique for segmenting a perceptual stream of data associated
with the observed task into separate and meaningful subparts. A human hand motion fea-
ture called thevolume sweep rate is introduced for this purpose. The segmentation algo-
rithm preprocesses the data prior to further analyses designed to recover task
descriptions.

2. Introduction of a grasp representation called thecontact web, from which a grasp taxon-
omy and grasp recognition scheme are developed. The grasp recognition scheme uses a
mapping algorithm to link physical human fingers to functionally grouped ones.
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3. Development of a human grasp-to-manipulator grasp mapping scheme based on a two-
tiered approach using the recovered human grasp descriptions. The two-tiered approach
involves functional mapping, followed by physical mapping. The functional mapping
makes the correspondences between the human and robot fingers, while the physical
mapping adapts the robot hand to the object.

4. Development of a testbed for proof of concept that demonstrates the full cycle of pro-
gramming by human demonstration, i.e., from data recording to robot execution.

9.3  Future Directions

The work described in this thesis delineates an interesting direction in programming a robot.
Programming a robot is reduced to merely demonstrating the task in front of the robot pro-
gramming system. While significant progress has been made in the development of this sys-
tem, there remain other issues to be explored to increase the level of sophistication in system
capability.

9.3.1  Expansion of Grasp Taxonomy

The most direct way of increasing the repertoire of tasks that the system can infer from the
recorded stream of perceptual data is to expand the grasp taxonomy. While many of the
manufacturing grasps can be characterized under one of the current grasp taxonomy nodes,
grasps that involves side finger contact with the grasped object (such as the hand posture
assumed in writing) are not included. Furthermore, non-prehensile grasps as used in the act
of pushing are not featured in the current taxonomy. While it may be desirable to include
dynamic grasps in the extended taxonomy, the resulting taxonomy may not be of immediate
use due to the limitations of the relatively low data sampling rate.

9.3.2  Interpretation of Force/tactile Information

At present, the system operates based solely on geometric and kinematic information. Hav-
ing force information at the data collection stage would be helpful in guiding the planning of
force strategy for robot task execution. It is not immediately obvious, however, that having
force information would help significantly in grasp recognition, aside from verifying contact
between finger segments and the grasped object.

9.3.3  Skill Library Development

Because of the kinematic dissimilarity between the human hand and the robot hand, the
exact manner in which tasks are executed may not be replicated. This is especially so for
tasks that involve fine manipulation. For instance, the manner in which human turns a screw
into a threaded hole would generally be not optimal for a Utah/MIT hand to replicate
exactly. As such, it is probably better if there area priori designed “skill libraries” [47] asso-
ciated with fine manipulation that are peculiar to the robot system. The appropriate skill
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library can then be triggered and its parameter slots (such as diameter of screw head, depth
of total vertical motion) can then be filled by the task translator based on the recovered task
description.

9.3.4  Abilities to Learn and Adapt

In the current system, each single task is programmed independently of each other, even if
there are similarities between the tasks. There is currently no cumulative learning ability,
that is, the system is not able to adaptively finetune its performance as more demonstrations
of the same task are performed. In addition, it may be desirable to able to have the system
learn to associate the types of grasps with the objects in order to shorten the programming
cycle.
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Appendix A

Determining Transformation between Pol-
hemus and Rangefinder Frames

This appendix describes how calibration is done to determine the transformation between
the Polhemus device and light-stripe rangefinder frames. This calibration is done for Version
1 of the data acquisition system.

A.1  Polhemus Device Mounted at Back of Wrist

In order to merge the hand data from theCyberGlove and Polhemus devices, and range data
from the rangefinder, we first recovered the transformation between theCyberGlove/Polhe-
mus and rangefinder reference frames. This is done by laying theCyberGlove/Polhemus
devices on the table and taking their range image as well as the Polhemus readings. The
required transformation between the two frames are determined from the recovered pose of
the Polhemus device in the range image and the Polhemus readings.

Fig. 91 The CyberGlove and Polhemus devices and their 3-D centroids

Pg

Pp

CyberGlove

Polhemus device
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The pose of the Polhemus device is extracted from the range image using the following two
steps:

1. Determine a rough estimate of the pose of the Polhemus device:

The 3-D centroid of the measurements of theCyberGlove (Pg) is first calculated as shown
in Fig. 91. Assuming that the Polhemus device is the brightest region in the image, the
intensity image is thresholded and the 3-D centroid of the device (Pp) is found. Pp yields
a coarse estimate of the device position; by calculating the vector difference between the
two centroids (Pp-Pg) and normalizing it, we arrive at a coarse estimate of the device ori-
entation (Fig. 92).

2. Localization of the Polhemus device using the 3DTM algorithm [153]:

The 3DTM (3-D template matching) algorithm refines the pose estimate through minimi-
zation in a manner similar to deformable templates, active contours, and snakes
[75][148]. In this case, the template is derived from the geometric model of the Polhemus
device which is created using the geometric modeler Vantage [8]. The formulation of
reducing the Euclidean distance between the image 3-D points and surface model points
is based on the Lorentzian probability distribution; this distribution has the effect of low-
ering the sensitivity of localization error to object occlusion and extraneous range data.
The final localized pose of the Polhemus model is shown superimposed on the image in
Fig. 93.

Fig. 92 Location of the coarsely estimated pose of the Polhemus device

Fig. 93 Final estimated pose of the Polhemus device



128

Let the transformation corresponding to the recovered Polhemus pose in the rangefinder
frame be denoted by  and the transformation corresponding to the Polhemus readings
be denoted by . Then the transformation that expresses the coordinates in the Polhemus
frame in terms of those in the rangefinder frame is given by

A.2  Polhemus Device Mounted at Back of Hand

When the Polhemus device is moved to the back of the hand to reduce the amount of error
propagation in the location of the fingers, estimating the initial pose of the Polhemus device
is less straight-forward. The previous method of using the 3-D centroids of theCyberGlove
and Polhemus devices would not be reliable in this case (Fig. 91) due to their proximity to
each other.

Fig. 94 The CyberGlove and Polhemus devices and their 3-D centroids

The approach that we took comprises the following steps:

1. Determine the approximate position of the Polhemus device

This is found by determining the 3-D centroid of the brightest region in the image (which
is assumed to correspond to the Polhemus device).

2. Determine from principal component analysis the 3-D major axis of the region occupied
by both theCyberGlove and Polhemus devices

This yields the estimated orientation of the Polhemus device. Note that this orientation
could be anti-parallel to the correct initial orientation.
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3. Use the 3DTM algorithm to refine the pose of the Polhemus device in the range image

However, because of the ambiguity of the initial orientation, we use a two-pass approach:
In the first pass, we input the original pose estimation into the program which outputs the
refined pose and the average error. Subsequently we modify the refined pose by modify-
ing the orientation by a rotation difference of 180o and use this as input to the second
pass. We use the refined pose which corresponds to the lower average error.

Fig. 95 Initial pose of the Polhemus device

Fig. 96 Pose immediately after the first pass (switch in orientation)

Fig. 97 Final pose of Polhemus device

Once the pose of the Polhemus device had been determined, the transformation between the
range-finder and Polhemus frames are calculated as in the previous section.

A.3  Linear Interpolation of Polhemus-to-rangefinder Transform

The Polhemus device was originally mounted at the dorsal aspect of the wrist portion of the
CyberGlove. This has created serious inaccuracies in the hand and finger locations as the
error accumulates from the wrist outwards. These errors include inaccurate hand dimensions
and configurations, and errors in joint angle measurement. The Polhemus device uses an ac
low-frequency, magnetic field technology to determine the position and orientation of a sen-
sor in relation to a source; nearby ferromagnetic material causes field distortion which
would then yield erroneous pose readings. Unfortunately, the equipment that we use has
metallic chassis and support frames.
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To reduce the inaccuracies due to the compounding effect of angular and configuration
errors, we remounted the Polhemus device at the dorsal aspect of the hand. In addition, to
compensate for the distorted magnetic field in the workspace (which causes the inaccuracies
in the Polhemus readings), we calibrate the Polhemus device at several reasonably well-
spaced places (eight) and interpolate between these calibration poses according to spatial
proximity. The calibration poses are, however, restricted to those within both the camera and
rangefinder views.

Fig. 98 Superimposed hand on image in a task sequence with (a) one calibration point, and (b) eight
calibration points

Fig. 98(a) and (b) show the effect of using several calibration poses as compared to just one.

(a) (b)
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Appendix B

Determining Transformation between Pol-
hemus and Stereo Frames

The procedure described in this appendix is essentially the same as that for Version 1 of the
data acquisition system in Appendix A. The differences are:

1. The Polhemus device is too small (given the desired workspace size) to reliably extract
stereo data from and compare with the geometric model. To obviate this problem, a
larger calibration shell device is fitted over the Polhemus during calibration.

2. The active multibaseline stereo works well with uniformly reflective scene for recovery of
dense data. As a result, unlike the procedure described in Appendix A, the calibration
shell device cannot be assumed to be the brightest region in the scene.

The principle for calibration is simple – to find the pose of the calibration shell device rela-
tive to the range data, and record the Polhemus reading at the same instant. The desired
transformation between the Polhemus and stereo frames is a function of these two readings.

Because of point 2, in determining the pose of the calibration shell device, its initial gross
pose is manually determined using two simultaneous interfaces as shown in Fig. 99. Fig.
99(a) shows four views of the object and scene points subsequent to manual object adjust-
ment. Fig. 99(b) shows the superimposed model on one of the stereo camera views. The
manual adjustment is facilitated by these simultaneous views. Fig. 100(a) and (b) show the
result of applying the 3DTM program [153] on the manual object pose. As before, the Pol-
hemus is attached to the back of the hand rather than to the back of the wrist.
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Fig. 99 After manual gross pose localization: (a) Four 3-D views of object and scene, and (b)
superimposed model on 2-D image.

Fig. 100 After fine pose localization of object pose using 3DTM program: (a) Four 3-D views of object
and scene, and (b) superimposed model on 2-D image.

The transformation that links the Polhemus frame to the range frame can be expressed by
the equation

where the lower left subscript refers to the base (reference) frame and the upper left super-
script refers to the object (Fig. 101). In the above equation and Fig. 101, Pol refers to the
Polhemus device, Pol-Vmodel refers to the geometric model of the the Polhemus device,
and Shell-Vmodel is the geometric model of the calibration shell.
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Fig. 101 Transformations between range and model frames
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Appendix C

Calibrating Multi-camera System and
Recovering Depth

C.1  Camera Alignment

In order to verge the cameras onto a volume of interest, we use a globe placed at the center
of the volume. A globe is used since it is rotationally symmetric and thus should be look
identical regardless of the camera view. Camera alignment involves adjusting the camera
pose (location along the supporting bar and orientation) and camera setting (zoom, focus,
and aperture). There are basically two sets of procedures in camera alignment. The first pro-
cedure is to first adjust the reference camera in order to get the reference image. The second
procedure is to adjust the poses and settings of all the other cameras so that the globe as seen
from all the cameras coincide. Note that absolute accuracy is not necessary since the camera
calibration program (described in the following section) recovers the camera parameters
reasonably accurately. The setup for camera alignment is shown in Fig. 102.

The steps for adjusting camera 1 (reference camera) pose and setting, and generating the ref-
erence image are:

1. Attach video output of camera 1 to color monitor (line A or B)

2. Adjust pose of camera 1 until the globe is approximately in the center of the image
(adjust tilt and pan of tripod stand if necessary).

3. Adjust camera settings (zoom, focus, etc.) of camera 1 until desired image quality and
span of scene is achieved. This is the reference image.

The steps for adjusting the other camera poses and settings are as follow:
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1. Connect video output of camera 1 to R (red) line of color monitor and that of camera 2 to
G (green) line. Connect video output of camera 4 to sync line of color monitor.

2. Change the pose and settings of camera 2 so that the globes in the two superimposed
images coincide.

3. Repeat for video outputs of camera 3 and camera 4 (for camera 4, use some other video
output line as sync signal).

Fig. 102 Setup for camera alignment (in a convergent configuration)

C.2  Camera Calibration

The process of calibrating the camera configuration refers to the determination of theextrin-
sic (relative pose) andintrinsic (optic center offset, focal length and aspect ratio) camera
parameters. The pinhole camera model is assumed in the calibration process. The origin of
the verged camera configuration coincides with that of the leftmost camera.

A planar dot pattern arranged in a 7x7 equally spaced grid is used in calibrating the cameras;
the images of this pattern is taken at various depth positions (five in our case). An example
of a set of images taken by the camera system is shown in Fig. 103.

Fig. 103 Calibration images (equalized) taken from the convergent camera configuration ((a)-(d))

color monitor

globe

4-camera system

(a) (b) (c) (d)
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The dots of the calibration pattern are detected using a star-shaped template with the weight
distribution decreasing towards the center. The entire pattern is extracted and tracked from
one camera to the next by imposing structural constraints of each dot relative to its neigh-
bors, namely by determining the nearest and second nearest distances to another dot. This
effectively filters out wrong dot candidates, as shown in Fig. 104.

Fig. 104 Detecting and tracking the calibration points (only part of the image associated with Camera 1
is shown). The black +’s are the detected points while the white +’s are the spurious and rejected
points: (a) Points detected in image of Camera 1; (b) Points detected in images of Cameras 1 and
2; (c) Points detected in images of Cameras 1, 2, and 3; (c) Points detected in all the images.

The simultaneous recovery of the camera parameters of all the four cameras can be done
using the non-linear least-squares technique described by Szeliski and Kang [143]. The
inputs and outputs to this module is shown in the simplified diagram in Fig. 105. An alterna-
tive would be to use the pairwise-stereo calibration approach proposed by Faugeras and
Toscani [37].

Fig. 105 Non-linear least-squares approach to extraction of camera parameters

C.3  Bandpass Filtering Images

The four cameras together with their video interface have slightly different output character-
istics, resulting in different image intensities for the exact brightness in the scene. As a
result, directly using the intensity images for depth extraction by local pixel comparison
may not be optimal and result in a significant number of mismatches. (The depth extraction

(a) (b) (c) (d)

Non-linear
Least-squares
Shape and Motion
Extractor
Module

Set 2-D and 3-D point position inactive
Set camera parameters active

Intrinsic and
extrinsic
camera
parameters

Dot image positions
for Cameras 1-4 and
for different depth
locations

Corresponding 3-D
positions of dots
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scheme is briefly explained in the next subsection.) To mitigate the problem of mismatches,
we first bandpass filter the images to reduce the low-frequency as well as very high-fre-
quency components. The low frequency components are filtered out to reduce the depen-
dency on the image intensity values; the very high frequency components are filtered out to
reduce noise. An example of a bandpass filtered image used as input to the depth recovery
program is shown in Fig. 106.

Fig. 106 Effect of bandfiltering image: (a) Original, and (b) Bandfiltered image

C.4  Depth Recovery

If two cameras are not aligned parallel to each other, their associated epipolar lines are not
parallel to the scan lines. This introduces extra computation to extract depth from stereo. To
simplify and reduce the amount of computation, the preprocessing step ofrectification can
be carried out first. The process of rectification for a pair of images (given the camera
parameters, either through direct or weak calibration) transforms the original pair of image
planes to another pair such that the resulting epipolar lines are parallel and equal along the
new scan lines. The rectification scheme used is described in Kang,et al. [74].

Once image rectification has been performed for the different pairs of images, we can then
recover depth as shown in Fig. 107. Pj refers to the perspective projection matrix associated
with the jth camera. Mk and Nk are the rectified perspective projection matrix associated
with thekth rectified pair. H1p is the homography (or linear projective correspondence) that
maps pixels in the reference camera (Camera1) to those in the rectified image in thepth pair.
K1q is the homography that maps one of the rectified pair to the other (i.e., the mapping
from pixel vl to pixel wl in Fig. 107). The mapping K1q is a function of depth from Cam-
era1.

(a) (b)
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Fig. 107 Depth recovery scheme

The savings in computation subsequent to image rectification lies in pixelsvl andwl lying
on the same scanline (same y coordinates). The difference in the x coordinates between pix-
elsvl andwl is thedisparity. For each depth, the disparities for each pair  is calculated and
the error in local matching evaluated. The recovered depth at a given pixel is the depth that
is associated with the least amount of error in local matching between pairs of rectified
images.

We use an approximation to this scheme as shown in Fig. 108. Instead of starting from
unrectified pixels and mapping it to respective pixels in the rectified images, we operate
directly from therectified image and propagate the mappings. The mappings L12 and L13
result in changes in both x and y coordinates; the mappings A2 and A3 attempts to preserve
the y coordinates in the least squares sense (so thatw1, w2, andw3 shown in Fig. 108 have y
coordinates as close as possible). The mappings A2 and A3 are exact if and only if all the
camera optical centers are colinear, which is not true in general. This approximation is good
as long as the vergence angles between pairs of cameras are small. The vergence angle is
typically less than 25o between the cameras at the extremes.
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Fig. 108 The approximate depth recovery scheme (compare this with Fig. 107)

Details of the depth recovery scheme can be found in Kang,et al. [74].
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